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Executive Summary
Both high-speed transportation and reusable launch vehicles are once again under constant development, after reaching stagnation points due to immature technologies. This resulted in many
programs being shut down prior to launch, while the fortunate few that made it to production,
were ultimately cancelled due to their combination of unreliability and high operational costs.
Today, national institutions and private organisations alike are competing to revolutionise the
super-hypersonic regime, but optimal performance remains as imperative as ever if such concepts are to be realised as long term solutions.
The focus of this research is to develop a framework capable of generating, analysing, and optimising such vehicles; producing high performance designs that comply with real-world constraints from a broad spectrum of potential candidates. This contrasts with the majority of design
optimisation work found in aerospace engineering literature, which favours improving existing
designs through localised alterations. While this is useful in many engineering applications, it
means little in the context of high-speed transport and reusable launch vehicles; since reliable
designs do not yet exist, and current concepts vary drastically based on a number of factors. The
direction of this research is therefore to define optimality on a larger scale, based on performance
metrics that are transcendent among all super-hypersonic vehicles.
Quantifying the performance of such vehicles in this large scale conceptual design context, in
terms of both optimality and feasibility, requires the development of versatile analysis and optimisation tools. A number of vehicle generation and integration tools have been developed,
combined with low-fidelity aerodynamic methods, particle swarm optimisation, and robust constraint handling techniques, to provide the basis of this research. The justification, necessary
background, and implementation of these methods is discussed in detail, alongside their validation in a large design space context. Further analysis modules and optimisation techniques are
employed in addition to these primary methods, which are used to provide a deeper understanding of vehicle performance, optimality, and feasibility.
Initial optimisation work is focussed on aerofoils. A number of generative methods are employed and tested for their level of control over such shapes, since fine tuning will be required
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to achieve globally optimal results. Following this, aerodynamic optimisations are carried out,
demonstrating the combined methods and their ability to consistently produce high performance
results in both existing design and global optimisation contexts. This work is then extended
to multi-fidelity analysis; where open-source high-fidelity programs are employed efficiently
through the implementation of dynamic surrogate modelling techniques. The combination of
these methods with the existing framework is used to improve the quality of results.
The remaining work is based on optimisation of three dimensional bodies; with both wing and
full vehicle design spaces employed. A low-fidelity wing-box model is implemented in the former case, adding further design variables and constraints to ensure structural integrity within
optimal designs. A prior reusable launch vehicle concept is used to benchmark these results,
allowing trim and longitudinal stability characteristics to be determined. An improved parametric fuselage definition is then employed, enabling full vehicles to be designed and optimised
from an arbitrary starting point. Uncertainty quantification and improved constraint handling
methods are utilised to increase confidence in vehicle performance. Finally, a mass estimation routine is implemented to determine weight, payload and trim characteristics; with surface
temperatures, lateral stability, and payload integration defining further feasibility characteristics.
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Chapter 1
Introduction
Until recently, the space race seemed a distant memory, with public interest and funding dwindling following the incredibly successful Apollo program. Considering the rapid advancement
of the 1960s: from no human ever reaching space, to walking on the moon (and perhaps more
impressively, returning safely to Earth), it is no surprise that we expected astronauts to step foot
on other planets long before now. Of course, there are many scientific and engineering successes to celebrate in the time since then; such as the establishment of space stations, reaching
outside the solar system with the Voyager program, and the now relatively routine deployment of
satellite systems both large and small. Furthermore, the advancements in robotics have allowed
samples to be taken from across the solarsystem, removing the huge challenges that come with
human transportation. But despite these tremendous achievements, it is understandable that if
you could go back to the golden age of human space exploration, people may be surprised to
know that no human has ever escaped Earth’s orbit. There are of course a variety of reasons for
this, but many failed attempts to make space more accessible demonstrate the enormous technical challenges faced by engineers. Maturation of technology has therefore taken considerably
longer than expected, which leaves us without the key characteristic required to drive down the
cost of spaceflight: reusability.
Originally thought to be commonplace by the turn of the century, no fully reusable launch vehicle (RLV) has ever made it to space, despite numerous lucrative development contracts. Such a
vehicle would drastically reduce the cost of space missions, and in turn, exponentially increase
market accessibility and size. Not only would orbital systems be considerably cheaper to deploy, but rapid turnaround times could lead to large space based infrastructure, along with the
development of highly profitable tourism and transportation ventures. Yet the failed large scale
projects of the past have made governmental bodies and private companies weary of undertaking
ambitious space ventures, delaying the grand opening of this game changing global market.
However, a rejuvenation in space programs over the last decade has brought about a much more
1
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peaceful space race than its predecessor, with a number of private companies attempting to
capitalise on the untapped market. These organisations have learned from the failures of past
programs, and can afford to invest the time and money into incrementally developing the necessary capabilities for efficient spaceflight. In particular, modern day programs commonly involve
partially reusable launch vehicles to be developed first, allowing the most technically challenging components, such as efficient propulsive methods, to be worked on in the background while
a variety of other technologies are tested and proven. Companies such as SpaceX, Virgin Galactic, Blue Origin and Reaction Engines, who are willing to pay the heavy price of research and
development, realise that successful demonstration of such technologies will be extremely lucrative in the long run.
Much like launch vehicles, high-speed transport (HST) aircraft also reached a stagnation point,
with the second of only two successful supersonic commercial jets retiring from service in 2003.
Despite an increasingly interconnected world in which technology only seems to become more
streamlined and accessible, flight transportation appears to be the only innovation that has quite
literally slowed down. Considering the hindrance this imposes on global accessibility, it is in
many ways surprising that flight times have not significantly reduced since the introduction of
the Tupolev Tu-144 in 1968, followed by the Concorde in 1969. What it shows then, is the significant technical challenge required in designing and manufacturing a vehicle not only capable
of performing at high speeds, but doing so in a cost effective manner.
Unsurprisingly, the private sector has not overlooked this opportunity either, with a number of
start-up companies developing radically different high-speed concepts. These variations exist
not only at the design level, but within business models; with some seeking to develop private
jets for the super-rich, before branching out to commercial airliners. In a similar fashion to
the planned iterative integration of reusable technology within RLV concepts, this approach allows the necessary commercial HST technology to mature during the development of smaller
vehicles, that can be entered into service in a much shorter timeline. For example, one of the
major hurdles in high-speed flight is minimisation of sonic boom signatures, which prevented
Concorde from flying supersonic over North America. This problem only becomes more challenging with larger aircraft, providing some technical validation for an initial entry into the
business jet market.

CHAPTER 1. INTRODUCTION

1.1
1.1.1

3

Research Motivation
Historical Perspective

Fully reusable launch vehicles have proved to be a significant, and so far overwhelming technical challenge. Research and design of reusable two-stage-to-orbit (TSTO) vehicles has peaked
and troughed since the 1930s, with its single-stage counterpart (SSTO) receiving more attention in the 1960s [1]. The step towards entirely reusable spacecraft provides an abundance of
advantages, with the most notable being a drastic decrease in the cost of manufacturing and integrating partially reusable or single use components. Furthermore, a huge reduction in overall
turnaround time between missions would vastly increase access to space for not only commercial purposes, but potentially transport and tourism markets also. With improved access being a
constant high-priority topic at the time, NASA produced a report in 1994 [2], anticipating that
full RLVs would replace the space shuttle by the late 2000s. Despite their early conception and
promise to revolutionise the space market as a whole, a fully reusable orbital system has not
yet been successfully deployed, with only sub-orbital or partially reusable systems currently in
place. Many factors have contributed to this slower than anticipated progress, such as drastically
reduced funding and general public interest around the turn of the century. Nevertheless, the various aerothermodynamic, propulsive, structural and mission specific challenges associated with
the development of fully reusable launch vehicles cannot be understated.
Throughout research and conceptualisation of SSTO or TSTO RLVs, the over-arching problem has been their inability to deliver a reasonable payload fraction to at least low Earth orbit
(LEO) [1,3]. This makes costly development programs unattractive considering the small initial
benefits in the best case, and potential of a completely infeasible design in the worst. However,
with continued advancements in propulsion, materials, and various other technologies, commercially viable fully reusable launch vehicles with increasing payload fractions appear more
feasible and realistic. Considering that no successful configuration exists yet, it is not surprising that organisations who have undertaken the challenge produce radically different designs;
varying not only in size and shape, but in propulsive methods, take-off/landing approaches, and
mission specifications, to name a few.
Many failed attempts exist in the pursuit of a fully reusable launch system, with a need for maturation of various technologies being a common theme amongst the dissolved projects. In 2003,
Bayer [4] compared a number of rocket propelled vertical take-off/vertical landing (VTVL),
vertical take-off/horizontal landing (VTHL), and horizontal take-off/horizontal landing (HTHL)
SSTO concepts that existed at the time; encompassing ballistic, wing-body, and lifting-body
designs. Bayer pointed out the strong design sensitivities and risks that are present in the initial
concept selection, emphasising that often performance degradation throughout design iterations
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Figure 1.1: X-33 candidate designs. From left to right: Lockheed Martin VentureStar (winning
bid), McDonnell Douglas DC-X, and Rockwell wing-body concept
coupled with increasing fidelity of analysis can severely damage or completely negate their
practical feasibility. The X-33/VentureStar (VTHL) RLV program [5] proved to be an excellent
example of both the aforementioned themes, with candidate designs shown in figure 1.1. During a ground test of the system, a highly complex hydrogen tank design failed, affirming the
need for technology maturation. As the X-33 design process matured itself, various alterations
were deemed necessary, resulting in a drastically increased take-off weight. A combination of
these factors, among others, resulted in the termination of the X-33/VentureStar program, and
provided a harsh warning to future SSTO/TSTO concepts.
A second but radically different design involved in the X-33 project was the VTVL Delta Clipper
Experimental (DC-X) concept [6]. While not selected as the final design, multiple successful
test flights were conducted as part of a separate project, demonstrating the capability of vertical
landings and rapid turnaround time. Although the DC-X program was also prematurely discontinued; in this instance following a catastrophic failure on landing during a test flight, its legacy
is clear to see today, with various organisations employing a vertical landing approach for their
RLV programs.
Completing the wide spectrum of concepts during this period of interest in space accessibility, the wing-body X-34 configuration [7] was developed as a low Earth orbit small payload
launcher. It would be deployed from a carrier aircraft, reaching altitudes over 75000m, before
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returning to Earth via an unpowered re-entry/descent, and landing on a conventional runway.
Much like the X-33/VentureStar project, the X-34 was cancelled prior to flight, but once again
its legacy has provided a benchmark for future designs of carrier aircraft launched or HTHL
small payload launchers and beyond [8].
Following these ambitious SSTO projects, organisations have tended towards more conservative
TSTO developments, with a recent space boom being attributed to the successful reusable rocket
capabilities demonstrated by SpaceX [9]. The recent report by Niederstrasser [10] detailed this
further, with various organisations deciding to take on the final frontier as of late. While not all
of these concepts are fully reusable ones, it is apparent in the current climate that reusability is
the long term goal required for the industry to move forward as a whole.
As for high-speed transport vehicles, the Concorde boasted significantly reduced flight times,
such as London to New York in under 3 hours. However, carrying only 55 passengers made
the supersonic jet unsustainable, as extortionate seat prices were required to make the Concorde
financially feasible. Since its retirement, the aviation market unsurprisingly attempted to maximise passenger numbers, which has also proved to be a poor business model; turning companies
towards more efficient, two engine long-range aircraft. Nonetheless, the demand for global mobility by companies and tourists alike is only rising in a world that is becoming increasingly
wealthy and interconnected. The lessons learned from Concorde and the recent trends of the
aviation industry as a whole provide a route map for those wishing to take on supersonic transport, and many companies are taking the leap.

1.1.2

Current Concepts

Much like their predecessors, current concepts for reusable launch vehicles and high-speed
transport aircraft vary drastically in their nature. Both concepts face common problems, specifically relating to suitable materials for the high temperatures experienced at super-hypersonic
speeds; the selection of an efficient propulsion system for the given mission profile; maintaining
low noise levels, particularly due to large boom signatures; and many others. These account
for much of the variance between concepts. However, differing experience between institutions,
and a general lack of experience with respect to super-hypersonic vehicles, certainly contribute
to this large variation. Key technology maturation issues are evidently necessary to achieve the
performance gains required to create a feasible, enticing business proposition. Thus, it is not
surprising that current designs vary drastically between competing companies, with independent technology development programs driving further system level discrepancies.
Looking specifically at RLVs, figure 1.2 shows a number of current concepts under development, each with radically different design choices. The Indian Space Research Organisation
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(ISRO) concept represents a conventional wing-body design, intended to be stacked on a larger
rocket before staging close to LEO. Similar wing-body concepts exist with differing launch
mechanisms, such as the Orbital 500R, which is intended to be launched from a carrier aircraft.
The SpaceX Starship has undergone a number of recent test flights (often ending in dramatic
explosions) which demonstrates a particularly nuanced RLV design. This enormous two-stage
rocketship is a fully reusable VTVL vehicle, which pitches down at high-altitude re-entry, made
possible due to its large cylindrical shape, alleviating thermal loads on the surface. The Reaction Engines Skylon concept also intends to re-enter at higher altitudes due to its large fuselage,
while also incorporating large wings to allow for a HTHL launch. Successfully designing an
SSTO that can take-off from conventional runways would revolutionise the space industry, and
it is no surprise that a revolutionary propulsive system is required to achieve this.
In terms of HSTs, a large passenger aircraft capable of competing with the current subsonic
state-of-the-art would be an overly ambitious project, considering the current level of supersonic
transportation experience and technology. Even though decreased travel times would make a
less efficient aircraft commercially attractive, generations of technology maturation are required
before this becomes feasible. Instead, companies such as Aerion and Spike Aerospace are embracing the small number of passengers constraint. Whereas the Concorde tried to compete in
the commercial market, these designs are made for private travel; selling time savings to those
who can afford to pay the price. Commercial designs are still under development however, with
Boom Supersonic seeking to replicate similar passenger numbers to that of Concorde, but at a
considerably lower cost. Note that during the write up of this work, Aerion also released their
plans to develop a similar Mach 4+ commercial airliner, further confirming the iterative technology maturation business model discussed previously.
Advancements in propulsive technology promise to increase the viability of both RLV and HSTs.
Particularly in the RLV case, reducing the reliance on purely rocket based methods is a necessity, due to their inefficiency at low altitudes. While utilisation of air-breathing engines for use at
low altitudes en route to space is not a new concept in itself [11], it was often shown to provide
only marginal performance gains, if any, due to the increased structural requirements of the airbreathing system [1]. With the projected increase in efficiency of combined rocket/air-breathing
propulsion configurations [12], an even more diversified set of RLV concepts have emerged.
Regardless of the chosen engine architecture, structural weight and propellent storage remain
key concerns, and the selection of propulsive method will inevitably have a large impact on the
overall shape of the vehicle as a whole.
This work does not intend to constrain designs by employing a specific solution to a problem
such as propulsive methods or launch mechanism, when technology is yet to mature and many

CHAPTER 1. INTRODUCTION

7

Figure 1.2: Current RLV concepts under development. From top to bottom: ISRO RLV, SpaceX
Starship, and Reaction Engines Skylon
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candidate solutions are under development. Instead, focus is placed on common quantifiable performance characteristics across the super-hypersonic domain, generating a number of candidate
designs independent of these system level decisions that are yet to be realised. By developing
techniques capable of producing high-performance designs from this global standpoint, results
of equivalent if not higher value can be obtained when such system level constraints are put in
place.
This serves as the main motivation for this research, as the book on super-hypersonic vehicle
design is far from written; with large disparities between current concepts, and only a handful
of short term success stories among a plethora of long term failures. The lack of a go to design
for such vehicles in is an area to be exploited, and given the need to maximise performance
across all disciplines in order to make HST and RLV designs viable business propositions, conceptual design phases must become more exploratory and automated, leaving behind the typical
iterative design cycle. Furthermore, to develop and test such vehicles is a high cost, high risk
venture, with enormous engineering effort required to obtain the necessary performance while
maintaining cost effective efficiency. Thus, utilising available computational power to explore
novel designs, and identify design characteristics with promising performance should be a critical element of the conceptual process.

1.1.3

Application of Optimisation Methods to Aerospace Design

With advancements in computer technology and optimisation methods, it is no longer reasonable or time effective to create an initial design based on engineering experience, and iterate
once multi-disciplinary analysis has been carried out. This is particularly pertinent in the case
of super-hypersonic vehicles, where reliable designs do not yet exist. Instead, a design optimisation approach should be employed, in which analysis can be conducted on a large scope
vehicle configurations, limited only by the versatility and accuracy of the performance models
employed.
Optimisation continues to grow in popularity across all forms of engineering, with potential applications at all stages of the design process due to the wide variety of techniques. These are
chosen and exploited based on the problem at hand, taking into account factors such as fidelity
of analysis and computational resources; limitations placed on the design space due to external
factors; and the existence of an initial design, whether it is to be improved upon directly or used
to benchmark designs output from a more exploratory search.
In the field of aerospace engineering, much attention is placed on high-fidelity analysis methods,
particularly in terms of aerodynamics. Due to the high computational cost of state-of-the-art
computational fluid dynamics (CFD) solvers, efficiency is required in the optimisation algo-
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rithm, leaving gradient based methods as the only reasonable choice. These optimisers require
drastically fewer function evaluations than their gradient-free counterparts, however an additional requirement is necessary to employ such methods effectively: a close to optimal starting
point. Often then, pre-existing configurations are used as starting points, with design spaces
built around their parameters. As a result, the final output may exhibit an improvement over the
initial design, but the likelihood of it being globally optimal for the given optimisation problem
is low. This is due to the dependency of the design space on the existing configuration; ensuring
that the final result does not deviate too far from the original, while also reducing the number of
function evaluations.
Air/spacecraft design optimisation; whether it be that of an aerofoil, wing, or full vehicle, therefore generally focuses on local optimisation: where an initial design is given, and the goal is
to improve upon it. In such approaches, the optimisation variables often only capture specific
attributes of the design, rather than building it from a fully parametric definition. The main
reason for this is due to the fact that while the initial design is to be bettered, it is desirable to
maintain similarities between it and the optimised configuration. Furthermore, certain aspects
of the design may be fixed due to circumstances out-with that of the optimisers control, for example fuselage dimensions defined by payload bay sizing. In many cases however, optimisation
state variables (those which remain constant) are chosen rather arbitrarily to enforce this similarity, and provide a performance enhancement while preserving much of the original design.
This desire to preserve characteristics of the starting point lends itself to local, or more specifically, gradient-based optimisation techniques; in which variables are perturbed with respect to
an original design, and the resulting performance gradients used to determine iterative design
improvements.
As previously mentioned, the underlying assumption in the selection of any initial design is that
it is close to optimal. However, without knowledge of the design process that led to this configuration, or if it has not been designed with the input of some prior large design space optimisation
work, its optimality cannot be assumed. Thus, in terms of optimisation, many of these starting
points can also be considered arbitrary; seeking to improve upon a design simply because it is
pre-existing. Of course, robust design processes are employed by industry with many iterations
and analyses of varying components that make up a full vehicle. However, even in the best of
cases, time and budgetary constraints require these avenues to be prioritised, leaving many potential design choices somewhat or completely unexplored.
While it is important to demonstrate that optimisation frameworks are capable of improving
existing designs without major modification, this only scratches the surface of what these algorithms are capable of. By utilising optimisation techniques earlier in the design process, high
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performance configurations can be output, with characteristics that may not appear obvious to
experienced engineers. From here, engineers can select designs or design characteristics to
be verified under higher fidelity analysis, which can then be employed as starting points for
localised optimisation, rather than relying on an existing design. Implementation of such a
methodology would ensure that the original design is close to optimal for the given problem,
and could easily employ existing designs for comparative or constraint purposes.
It is inevitable that the future will be dominated by optimisation and machine learning processes, as these have quickly become the default methods for data analysis of increasingly larger
scales. Such algorithms allow correlations to be made between variable parameters within a
given dataset or system, and its desired outputs; something that human analysts struggle to determine effectively. In particular, engineers are likely to air on the side of caution, and choose
components or designs that are known to work. Of course there may be any number of good reasons to do this, but there is also a degree of conservatism; with companies not willing to spend
excessive amounts on research and development of new concepts. However, with maturation
of these numerical methods, much of these processes can be automated, allowing cheap exploration of various design choices. This may require a large bank of knowledge and models in
order to be employed effectively, but correct implementation ensures that, at a minimum, an understanding of the performance impacts arising from the analysed design choices will be gained.
Of course, as with any optimisation, what is deemed optimal mathematically will differ from
that of the real world. Particularly in the field of aerospace vehicle design; disciplines modelled,
to what level of fidelity, and flight states considered, will have a large impact on the resulting
mathematical model of a much more complex real-world application. These issues present
themselves regardless of the optimisation procedure, since even state-of-the-art analysis of a
single design across a small portion of the flight envelope requires vast computational resources.
Importantly then, it should not be overstated how grand a challenge it is to develop real-world
feasible designs from an arbitrary starting point.

1.1.4

Brief Review of Prior Research

Previous research on the topic varies drastically in terms of disciplines considered, fidelity of
analysis, optimisation method, objective functions and design variables. An optimisation comprising of a single disciplinary analysis method may result in ideal cost function values, but
resulting designs will most likely be infeasible with respect to other disciplines not modelled.
Increasing the number of accurately analysed disciplines leads to further constraints placed on
the optimiser, resulting in higher cost functions, but ultimately more feasible designs. Nonetheless, no such analysis to date can be considered all-encompassing, and engineering experience
remains a dominant factor in vehicle design. Analysis fidelity and number of design variables,
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constraints and objectives should be considered together based on computational resources and
research scope. High-fidelity models may provide state-of-the-art results, but can also drastically increase computational cost, and decrease design space variability. Couple this with the
knowledge that increasing number of design variables has a large effect on the iterations required
for convergence, and it is clear that limitations must be enforced from the outset.
If an existing configuration is sought to be optimised, it is reasonable to assume that the design
space will be limited compared to that of a random start point optimisation, as this ensures that
the optimal design will not vary significantly from that of the original. A close to optimal starting
point makes gradient based optimisation techniques coupled with high-fidelity analysis appealing, considering that a small design space may require relatively few iterations to converge. On
top of this, in an optimisation where only small alterations may be made to the configuration
throughout, it is essential that the physics are captured as accurately as possible. Furthermore,
assuming a basis design that is close to optimal exists, such an optimisation may be aimed at a
latter stage of the design process, where it is essential that computational resources are dedicated
to state-of-the-art prediction methods.
In cases where a starting point is not available, perhaps in the early conceptual or design phases
of a relatively new concept, global design optimisation techniques combined with lower fidelity
analysis methods are well suited to the problem. Taking full advantage of the optimisation process requires a large design space in which novel, globally optimal configurations can be found
that may not be obvious with the current scope of engineering experience. Utilising a population
based optimisation algorithm with low-fidelity methods allows the broad search space to be explored at a relatively cheap computational cost. If multiple objective functions are sought to be
minimised, this approach also allows the creation of Pareto fronts, in which a number of optimal
solutions are found. During the early phases of a conceptual design process, these fronts allow
interesting configurations or characteristics to be extracted from the results for further analysis,
rather than a single best design resulting from single-objective optimisation.
The majority of research focuses primarily on aerodynamic optimisation. An early example of
this is the work done by Landon et al. [13], in which the low-fidelity Supersonic/Hypersonic Arbitrary Body Program [14] was used as the prediction tool, and an initial geometry was optimised
through the use of free-form deformation methods [15]. Chiba et al. [16] used evolutionary algorithms along with surrogate models to provide approximate analysis, before feeding the most
promising configurations to a Navier-Stokes solver. Here the goal was to optimise a wing-body
reusable launch vehicle for flight states around a Mach number of unity. Four objective functions were employed in this research, relating to aerodynamic properties at various flight states.
A similar method was employed by Tatsukawa et al. [17], which utilised a genetic algorithm and
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a Navier-Stokes solver throughout, in this instance to optimise a lifting-body configuration. As
with many hypersonic aerodynamic optimisations, L/D was used as an objective, together with
zero-lift drag and internal volume. Here a limited number of function evaluations was set, likely
due to the computational requirements of the solver.
Zhang et al. [18] also used genetic algorithms to optimise hypersonic wings using local piston
theory. Their method boasts low computational cost, however the force and moment inaccuracies when compared with higher fidelity solvers, along with piston theory being purely inviscid,
highlight its limitations. Shen et al. [19] also used a genetic algorithm, along with a simple
modified Newtonian method, in optimisation of the European EXPERT re-entry vehicle [20].
Again L/D was used as an objective function, alongside a reduction in optimum angle of attack.
Another example of a modified Newtonian based optimisation comes from the work of Sheffer
and Dulikravich [21], with drag being minimised for cone and hypersonic plane configurations.
Of course, many disciplines define a feasible hypersonic vehicle. With strong couplings at play,
multi-disciplinary optimisation has gained increasing popularity over the years. Bowcutt [22]
provides an early example of multi-disciplinary design optimisation (MDO) applied to hypersonic aircraft; combining aerodynamic, propulsive, and trim analysis. Here, a small number of
design variables were used to define the vehicle, once more with the goal of maximising L/D.
A further study conducted by Bowcutt [23] added trajectory analysis to the optimisation process, setting range as an objective function for a full flight path. A missile configuration was
studied, operating between M = 4.5 − 7. Being a trajectory driven problem, stability and control
also factored heavily in the overall framework. Utilising MDO in this analysis found a 46%
increase in range over the initial baseline, showing the methods potential when applied successfully. It should be noted that the few decision variables in these works require many translations
to produce full configurations. Generally, a continuous design space that defines the vehicle as
physically as possible is desired, since it may lead to improved convergence.
Dirkx and Mooij [24] coupled local-inclination aerothermodynamic methods with trim analysis, for both capsule and winged vehicles. Various realistic constraints were enforced, such as
stability characteristics; maximum structural loading; bounded control surface deflections and
angle of attack; as well as maximum heating requirements, with three geometric based objective functions being employed. Wuilbercq et al. [25] used reduced-order models to compute
aero-thermal, heat protection and propulsive characteristics, with the inclusion of mass estimation for reusable hybrid vehicles in both ascent and re-entry flight regimes. Deng et al. [26]
coupled flight characteristics and geometric performance parameters within objective functions,
utilising a surrogate model in conjunction with a CFD solver to improve upon an existing design. Recently, Di Giorgio et al. [27] introduced an aerothermodynamic design optimisation
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framework for hypersonic vehicles. Aimed at high-speed passenger aircraft, engineering level
prediction methods are utilised, with potential future extension to multi-fidelity and surrogate
based techniques. Much of the reasoning behind creation of their framework is akin to the
presently described research, and further demonstrates the necessity of developing these methods in relation to high-speed vehicles.
While some of these works incorporate global optimisation methods, they often do not employ
global design spaces. Not only does this limit the usefulness of these versatile techniques, but
it often predetermines the output configurations, with little scope to explore novel design characteristics. Of course, many limitations are imposed with good reason, to avoid vehicle characteristics that are known to be undesirable or infeasible. However, achieving this by restricting
the design space should be avoided, as in many cases boundaries are derived arbitrarily or overcautiously. Furthermore, undesirable and infeasible characteristics are not often the result of a
single design variable, and thus reducing the search space can eliminate many feasible designs
in an attempt to remove some unwanted ones. Therefore, this work emphasises the importance
of constraint handling within the design optimisation process, and uses such methods to ensure
that only configurations conforming to specified design requirements can be seen as optimal.
The implementation of large design spaces requires flexibility in both the analysis methods
and determination of optimality, ensuring performance is adequately quantified to distinguish
between designs in terms of objective and constraint functions. Therefore, as with many of
the previous works described here, this research seeks to conduct multi-disciplinary analysis on
candidate designs throughout the optimisation process.
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Aims & Objectives

The overall goal of this work is to produce globally optimal super-hypersonic vehicle designs
with respect to multi-disciplinary analysis, from an arbitrary starting point. Considering the
limited experience of successful high-speed applications, and the vast discrepancies between
current concepts, it is clear that much work is required in all aspects of the design and testing
phases. Here the intention is to develop a framework that quantifies performance common to all
super-hypersonic vehicles, abstracting above the yet to be defined system level characteristics.
Conducting large design space optimisation work with such performance analysis, including
robust definitions of optimality and feasibility, should enable high-quality, novel designs to be
output. The broad scope of this research requires a number of key modules to be developed,
which are detailed below, along with anticipated applications:
• Implement fully parametric definitions of super-hypersonic vehicle components that allow
for a high degree of control.
• Develop and validate rapid aerodynamic analysis tools, capable of quantifying performance for arbitrarily defined components and full vehicle configurations.
• Develop optimisation algorithms that can rapidly analyse highly non-linear cost function
spaces in search of globally optimal solutions.
• Implement robust constraint handling techniques that quantify feasibility of individual
components and full vehicles, allowing large design spaces to be searched effectively
without producing false optima.
• Experiment with additional analysis modules and levels of fidelity not commonly used
within global design optimisation, to further quantify component and vehicle performance
and feasibility.
• Conduct multi-disciplinary global design optimisation on full super-hypersonic vehicles,
demonstrating the overall capability of the developed framework.
Throughout the development of this framework, key focus was placed on modularity within
the system as a whole. As previously discussed, no optimisation framework to date is allencompassing in the aerospace field. Aerothermodynamics, structural mechanics, propulsive
and control methods, mission profiling and many more factors play a role in determining the
final configuration of such vehicles. Obtaining state-of-the-art accuracy for any one of these
disciplines in an automated, global optimisation context remains far out with our grasp. Thus,
it was realised in the early phases of this work, that developing a versatile system capable of
handling any mixture of flight states, vehicle components, and analysis disciplines, was of the
utmost importance. For such a system to remain useful as analysis methods develop and the
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design space broadens, it must be able to implement and handle such changes with as little
disruption to both the user and the end product as possible. Therefore, it is paramount that
the presentation of this work highlights its overall modular approach, along with the various
implemented methods that allow the system to provide a desirable end result, regardless of the
nature of the specified problem. Of course, presently many problems cannot be dealt with using
this framework. Clear lines will be drawn in terms of its limitations, along with its ability to be
expanded upon in future research.

1.3

Thesis Outline

The remainder of this work is divided into the following chapters:
• Chapter 2 introduces the methods used for aerodynamic modelling, along with their implementation within the overall framework, and validation against experimental and CFD
data found in literature.
• Chapter 3 introduces the optimisation techniques employed to tackle the large design
space, highly constrained problems carried out in this research.
• Chapter 4 focusses on aerodynamic aerofoil optimisation, validating the generative techniques employed and providing an initial use case of the developed framework as a whole.
• Chapter 5 extends the low-fidelity aerofoil analysis to multi-fidelity optimisation, utilising
surrogate models and open-source high-fidelity methods to enable efficient use of computationally expensive analysis, improving results while maintaining reliability.
• Chapter 6 introduces a low-fidelity wing-box structural model, allowing fluid structure
interactions to be modelled in a multi-disciplinary optimisation, which is carried out in
comparison to a pre-existing RLV design
• Chapter 7 focusses on global aerodynamic design optimisation of a fully parametric vehicle definition, enabling lifting-body and wing-body design spaces to be optimised with
respect to robust feasibility constraints.
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Chapter 2
Aerodynamic Modelling
2.1

Introduction

This chapter describes the methods used to analyse arbitrary vehicle components in terms of
aerodynamics. A consortium of techniques have been employed, allowing accurate results to
be obtained for different vehicle components, flow orientations, and flight speeds. A number
of independent inviscid methods are used, with autonomous switching conditions implemented,
enabling their use in tandem across arbitrary surfaces with varying flow properties. Viscous
contribution is also calculated on a local scale, allowing full friction coefficient and temperature
distributions to be output. The theoretical nature of these methods, and the required conditions
allowing results to be calculated for arbitrary surfaces will be discussed. Inviscid and viscous
prediction techniques are then validated independently, before utilising the analysis module as a
whole to predict the aerodynamic characteristics of a full wing-body vehicle.
Finally, the implementation of these methods in an in-house context that allows arbitrary vehicles to be analysed is described.

2.2

Scope

At the conceptual or early design phases, flexibility and computational efficiency are desirable
over high-fidelity accuracy. While computational fluid dynamics (CFD) methods are state-ofthe-art in aerodynamic prediction, the time required to analyse the thousands of configurations
generated in a typical large design space optimisation is unreasonable. On top of this, CFD is
heavily reliant on discretisation with respect to convergence and therefore accuracy. Designing
an algorithm that can provide sufficient discretisation not only of arbitrary vehicles, but of the
complex flow domain surrounding them, is far beyond the scope of this work.
Low-fidelity methods can provide rapid results based on vehicle geometry and flow properties.
17
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While their accuracy is not up to CFD standards, it is more than acceptable for initial design
optimisations covering a diverse population. All aerodynamic analysis carried out in this work
is therefore based on panel methods, meaning only the geometry to be analysed is required to be
modelled, and not the surrounding flow domain. This is the primary advantage of such methods,
as static results can be gathered knowing only the local orientations of a discretised geometry
with respect to the freesteam flow, removing the need for iterative numerical solutions. The rapid
computational time of these methods, and their flexibility in terms of input geometry, make them
ideal for large exploratory design optimisation work.

2.3

Inviscid Methods

The low-fidelity inviscid aerodynamic methods implemented are dependent upon the relationship between geometry inclination and incoming flow direction. Beginning with the simplest
case of x-axes alignment between flow, geometry, and therefore reference frame, as shown in
figure 2.1, the freestream velocity direction is a unit vector aligned with the x-axis. To determine
local surface inclination, the outward facing normal of each panel must be found. As panel methods logically assume forces are applied at a given panel’s centre point, this is where the normal
is calculated from. In two-dimensions, this is a simple case of finding the vector perpendicular
to the line surface, and projecting it outward in the correct direction from the centre point. For
three-dimensional bodies, vectors joining triangular corner points, or quadrilateral cross corner
points, are required to compute surface normal. Taking the cross product of these vectors outputs
the necessary vector, with care once again required to ensure it is pointing away from the surface.

z

n
V∞

x

y
Figure 2.1: Incoming freestream velocity and local surface vectors
Of course, as solutions are highly dependent on this local flow orientation, discretisation that
is largely representative of physical components remains of great importance. This will be
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discussed further in proceeding chapters, however, it should be noted that the implementation of
these methods is capable of handling any unstructured triangular or quadrilateral grid. Assuming
an accurately discretised geometry, the relation between outward facing surface normal, n, and
the freestream flow direction, V∞ , is defined as:
θi = sin−1 V̂∞ · n̂i



(2.1)

Where θ is the inclination angle, i defines the specific panel on the surface, and circumflex denoting both vectors are unit normals. In this sense, a positive angle means that the surface is
inclined towards the flow, with a negative angle implying that it faces away from the flow. Note
that this convention allows either full surface or velocity vector to be rotated in order to conduct
analysis at non-zero angle of attack and sideslip combinations.
The inclination angle of a given surface to the flow is utilised across all of the methods in the
proceeding section. Importantly, a distinction should be made between surfaces facing the flow
(+ve θ ), and those facing away from the flow (-ve θ ). Positive inclination angles are those
that can be "seen" by the flow, which is equivalent to the frontal area observed upstream in
the freestream flow direction. The assumption is that at very high-speeds, the flow can only
impact this frontal area, with any negative inclination surfaces having pressure equal to that of
the freestream. These areas are therefore referred to as being in the shadow of the incoming flow.
At realistic continuum flight speeds, there is much more continuity between impact and shadow
regions, and more blended techniques are required to obtain accurate pressure distributions
across a given surface. Nonetheless, the distinction between impact and shadow regions is used
across the super-hypersonic Mach range, with most panel methods being applicable in only one
domain. The description of implemented methods has therefore been separated in the same
fashion, with impact flow techniques being discussed first.

2.3.1

Impact Flow

Impact methods are employed for local aerodynamic prediction with positively inclined surfaces. Physically, these techniques attempt to model flow conditions aft of an impinging shockwave, which allow surface pressures to be determined. The combination of high speeds and
arbitrary geometry means predictive methods for both attached and detached shockwaves must
be implemented, to ensure a realistic flow regime is represented by the aerodynamic model.
Newtonian
Newtonian flow is derived from the assumption that a particle in hypersonic flow will impinge
on a surface and immediately change its direction to move parallel with the surface. From this
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assumption, a striking particle will lose all of its momentum normal to the surface, while maintaining a constant tangential velocity as it travels downstream. Thus, the pressure coefficient on
a body inclined to the freestream flow is computed as follows:
C p = 2 sin2 θ

(2.2)

The physical concept of a given particle impinging on a surface, losing its normal velocity
and travelling downstream without loss of tangential velocity, is logical at high Mach numbers;
where the resulting shockwaves remain close to the surface and thus, have a similar inclination to the freestream flow. This results in the Newtonian flow model increasing in accuracy as
M → ∞. However, at reasonable hypersonic speeds this will not be the case, and since equation
(2.2) has no dependency on Mach number, a more accurate method is required.
Lees [28] introduced such a method, now well known as modified Newtonian, which looks to
correct standard Newtonian theory based on physical properties of the flow. Here, the coefficient
in equation (2.2) is replaced by the maximum value of the pressure coefficient, defined as the C p
at the stagnation point behind a normal shock, as shown below:

C pmax

C p = C pmax sin2 θ
)
(
γ 

 γ−1
(γ + 1)2 M∞2
1 − γ + 2γM∞2
2
−1
=
γM∞2
4γM∞2 − 2(γ − 1)
γ +1

(2.3)
(2.4)

Note as M → ∞ and γ → 1, C pmax → 2, and thus the original Newtonian formulation is reproduced. This allows for greater accuracy at Mach numbers below high hypersonic, which would
otherwise assume equal pressure coefficient at a given inclination angle, regardless of Mach
number. Even with this modification, the assumption of Newtonian flow is generally only used
for high hypersonic regimes, or at regions with high surface inclination to the flow, where a
detached shockwave is present. At lower super-hypersonic flight speeds, and in particular those
surfaces with attached shockwave solutions, a number of methods can be utilised to predict
shock angle, and therefore surface flow properties.
Tangent Wedge/Cone
While the modified Newtonian method is applicable in high Mach number or high inclination
cases, improved accuracy is needed at the lower end of the super-hypersonic scale. One such
approach is the tangent wedge or tangent cone method. Although not derived from physical
fluid mechanics, these techniques have been demonstrated to provide accurate results for various
applications and Mach numbers [29]. Here, drawing a line downstream in the direction of the
local surface deflection θ , consistent with the definition in equation (2.1) and shown in figure 2.2,
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Figure 2.2: 2D tangent wedge (left) and 3D tangent cone (right) definitions [29]
represents the assumed wedge made between the body and freestream. This deflection angle can
therefore be used to compute the equivalent shockwave that would exist having turned the flow
by θ , allowing properties on the surface to be derived from the exact oblique shock relations.
Equation (2.5) relates incoming flow Mach number and deflection angle with the resulting shock
angle, commonly referred to as the θ -β -M relation:
"

M12 sin2 β − 1
tanθ = 2 cot β
M12 (γ + cos 2β ) + 2

#
(2.5)

Where β is the attached shockwave angle and γ is the heat capacity ratio of air. In order to solve
this equation, a lookup table or numerical method must be employed, as discussed is section 2.7.
Once the equivalent shockwave angle has been found, the flow properties aft of the shockwave,
and therefore on the local surface, are calculated via:


p2
2γ  2
= 1+
Kβ − 1
p∞
γ +1
(γ + 1)Kβ2
ρ2
=
ρ∞ (γ − 1)Kβ2 + 2

T2
p2 ρ∞
=
T∞
p∞ ρ2
v
u
2
u 1 + γ−1
1
2 Kβ
t
M2 =
sin(β − θ ) γK 2 − γ−1
2
β
Kβ = M∞ sin β

(2.6)
(2.7)
(2.8)

(2.9)
(2.10)

Similarly for three dimensional flow, The tangent cone method is employed. Here, the two
dimensional shock β is replaced with its 3D equivalent, τ.
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γ +1
1
+ 2
2
Kθ

(2.11)

Kθ = M∞ sin θ

(2.12)

This allows downstream Mach number to be determined from pre-processed lookup tables or
numerical methods, and pressure coefficient from equations provided by Rasmussen [30]:



(γ + 1)Kθ2 + 2
C p2
γ +1
1
= 1+
ln
+ 2
θ2
2
(γ − 1)Kθ2 + 2
Kθ

(2.13)

Of course in either case, the combination of local surface inclination and freestream Mach number must allow an attached shockwave to be present, otherwise they are not applicable. In such
cases, surface flow conditions are automatically solved using the modified Newtonian approach.
Shock-Expansion
The shock-expansion method provides a more robust, at least in terms of theory, attached shockwave method for calculating surface properties. In contrast to the tangent wedge/cone technique,
only the initial surface causes a shockwave as a result of turning the freestream flow, which is
once again calculated through the oblique shock relations in equations (2.5)-(2.9). These initial
properties aft of the impinging shock are used as the starting point for a series of expansion
waves (assuming the surface is convex), defined by the Prandtl-Meyer relation, ν(M):
θi+1 − θi = ν(Mi+1 ) − ν(Mi )

(2.14)

Where the Prandtl-Meyer function for a given Mach number at panel i, which is increasing as
the flow travels downstream, is determined from:
s
ν(Mi ) ≡

γ +1
tan−1
γ −1

s

γ −1 2
(M − 1) − tan−1
γ +1 i

q
Mi2 − 1

(2.15)

Since both surface inclinations and upstream Mach number, Mi , will always be known, equation
(2.14) can be solved for downstream Mach number, Mi+1 . With the expansion process being
isentropic, downstream flow properties can be computed from the isentropic flow relations:
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=
ρi
Ti
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2

(2.16)

(2.17)
(2.18)

This process can then be repeated by incrementing the counter, and continuing to solve for Mach
number downstream until an edge is reached. The only unknown in this process is the direction
of downstream relative to a specific point on the surface, which for arbitrary three-dimensional
cases is not trivial. Determination of this direction will be discussed further in section 2.5.
Shielding
An additional note in terms of impact flow is shielding; where a surface with positive inclination
angle is not directly seen by the flow due to a surface upstream. This is particularly relevant at
hypersonic speeds, where Newtonian theory more accurately depicts the physics, meaning the
flow may not reattach to the surface once it turns into the shadow region. This retains the original definition of impact flow, since surfaces that are blocked by others upstream cannot be seen
by an observer standing in the direction of the incoming flow, regardless of inclination angle.
To correct for this, flow properties of shielded panels with positive inclination towards the flow
must be solved with shadow methods. In order to determine shielded surfaces, initial shadow
panels create a convex hull in the xz-plane around the geometry. Any surfaces within this hull
and downstream of line joining the closest containing points, found through panel centre point
and normal direction, are therefore shielded. Note that this method is not exact, and assumes
relatively well behaved geometries (ie. those with limited concavity). Nonetheless, convex geometries are generally expected in an external aerodynamics context, particularly in the chordwise direction. Thus, in the majority of cases, the incorporation of a shielding routine will not
redefine any impact panels, since any concavity within shadow regions is generally not enough
to turn the surface back towards the flow. An exception to this is vertical tail surfaces, which
may be shielded by the fuselage at high angles of attack. This presents a more general problem
outwith the scope of this work, since the flow properties in front of the tail leading edge cannot
be determined. Therefore, panel shielding in this work is employed in a component build-up
approach, meaning only panels of the same surface can shield one another. This guarantees
shielded panels will always have flow inputs from panels upstream.
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Shadow Flow

Surfaces facing away from the incoming flow are in the shadow region. These areas are not
therefore directly impacted by the freestream. Instead, their flow properties and resulting surface pressures are determined from the turning angle of the upstream flow, which may come
from an impacted panel or the freestream itself, depending on surface inclination of the leading
edge. Importantly then, since impacted panel flow properties may be inputs to shadow surfaces
further downstream, all impact calculations must be carried out before shadow properties are
determined.
Newtonian
Following on from the Newtonian assumption that flow continues along its current direction
until impacting a surface, it is clear that particles cannot strike any surface that is not directly
impacted by the incoming flow. Therefore, it is assumed that surfaces in the shadow region are
at freestream conditions, leading to a constant pressure coefficient, C p = 0. Once again this
assumption may hold at high hypersonic flight regimes, but becomes inaccurate toward lower
Mach numbers.
Prandtl-Meyer
Even at hypersonic Mach numbers in continuum regimes, some flow will remain attached to the
body, contrary to the assumptions made by Newtonian flow. To provide a more realistic pressure
coefficient at such flight conditions, Prandtl-Meyer expansion waves are once again used assuming a convex surface. Because of this convexity requirement, the shock-expansion method has
been implemented in a manner that can be used in both impact and shadow regions, which will
be discussed further in section 2.7. This means that upstream flow properties can be computed
using either Prandtl-Meyer or oblique shock relations, based on the sign of inclination angle
change across surfaces.
Of course, limits exist in terms of turning angle for both oblique shock and Prandtl-Meyer relations. In oblique shock cases this is handled as discussed in section 2.3.1, assuming a detached
shock and therefore Newtonian flow. In the case of high Prandtl-Meyer turning angle, as defined
by equation (2.19), the flow can no longer remain attached to the body. Such regions could
therefore be treated in a Newtonian flow fashion, however more accurate methods have been
developed for such surfaces, known as base regions.
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(2.20)

Base Pressure
Specific relations for pressure coefficient have been developed for base surfaces, which show
an improvement over assuming Newtonian conditions. The most widely used expression is
Gaubeaud’s formula, which determines surface pressure coefficient from freestream Mach number and ratio of specific heats:
2
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(2.21)

This method is invoked for surfaces which have a high inclination away from the freestream
flow, and/or turn the flow beyond the maximum allowable angle, defined by equation (2.19).

2.4

Viscous Methods

The previously described methods are idealised, removing the effects of viscosity within the
flow domain, and specifically the boundary layer surrounding the analysed geometry. In terms
of super-hypersonic flows however, the contribution of viscous effects is of paramount importance, particularly in terms of surface temperature. Aerodynamic heating is one of the main
concerns in designing a high-speed vehicle, as it will encounter regions of extremely high dynamic pressure, causing a substantial temperature gradient to radiate through the boundary layer
to the surface, primarily at the leading edges.
Nonetheless, characterising the boundary layer and accurately predicting the resulting temperature and shear stresses felt on the surface is a highly complex task; requiring hands-on flow
domain, boundary layer, and geometry discretisation within a CFD context. As discussed previously, this level of detail is not feasible for a large design space optimisation, necessitating the
implementation of more approximate methods.
Once again, flow property and force determination on a local panel basis is preferred over a
reduction method based on overall geometric parameters. This means both inviscid and viscous contributions are calculated locally on the same grid, allowing both to be combined and
integrated to give overall component and vehicle aerodynamic properties.
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Reference Temperature Method

Derived from incompressible flow theory, reference temperature methods at super-hypersonic
speeds use compressible corrections to determine an indicative temperature within the boundary
layer. This temperature is then used to compute the remaining flow properties inside the boundary layer, which in turn are used to calculate heat transfer to the surface, along with friction force
contributions.
The classical reference temperature method was derived by Eckert [31], which utilised the following equation:


T∗
Tw
2
= 1 + 0.032Me + 0.58
−1
Te
Te

(2.22)

Where T ∗ is the reference temperature, Tw is the wall wall temperatures, and Te , Me are the temperature and Mach number at the boundary layer edge, equivalent to the properties output by the
previously described inviscid methods. Wall temperature, which is an unknown to be calculated,
is initially set using a cold wall assumption.
Implemented within the framework is a recent improvement to the original Eckert method, in
the form of the Meador-Smart relations [32], which differentiates between laminar and turbulent
boundary layers.
Laminar:


√
Tw
γ −1
T∗
Me2 , r = Pr∗
= 0.45 + 0.55 + 0.16r
Te
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2

(2.23)
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(2.24)

Turbulent:

Where r is the recovery factor, based on reference Prandtl number, Pr∗ . The determination of
laminar or turbulent boundary layer is dependent on local Reynold’s number, which is yet to
be determined. Therefore in the initial instance, panels use (2.24). In proceeding iterations, an
estimation of transition Reynold’s number is made following the advice of Dicristina [33].
Using the reference temperature, along with boundary layer edge properties calculated from
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the previously described inviscid methods, reference density ρ ∗ , and dynamic viscosity, µ ∗ are
computed from the ideal gas relation and Sutherland’s law respectively. The Reynold’s number
is then calculated from (2.25), where Ve is the boundary layer edge velocity, and x is the distance
downstream, defined from the leading edge to the centre of each panel. The local skin friction,
c∗f is then derived from the Schultz-Grunow relation in equation (2.26).
ρ ∗Ve x
µ∗
0.37
c∗f =
log10 (Re∗ )2.584
Re∗ =

(2.25)
(2.26)

Since this approximate method is based on two-dimensional flat plate flow, it is important that
special treatment is given to conical surfaces, as viscous forces are increased due to decreased
shock effects and therefore thinner boundary layers in three dimensions. Once again specific
treatment varies depending on the flow regime, with the constant Mangler fraction being applied in laminar flow, and van Driest’s turbulent cone rule utilised otherwise [34].
In order to determine aerodynamic heating, the Stanton number CH can be found through the
Colburn-Reynold’s analogy in equation (2.27), and the net heat transfer at the surface, qw , derived by equation (2.28):

CH =

c∗f

(2.27)

2

2(Pr∗ ) 3

qw = ρeVeCH c p (Taw − Tw )

(2.28)

Taw = r(T0 + Te ) + Te

(2.29)

Where c p is the ratio of the heat capacity in air at constant pressure, and Taw is the adiabatic
wall temperature. Surface temperature can then be obtained via Boltzmann’s law (2.30), and the
process repeated until a converged temperature distribution is output across the entire surface.

Tw =
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q

w

σε

+ T∞4

1
4

(2.30)

Surface Flow Direction

As illuded to the preceding sections, one of the key requirements in determining both inviscid
and viscous effects is the determination of streamlines. Necessary for both shock-expansion and
reference temperature methods, two approaches have been experimented with in this research.
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The first uses a strip theory approach similar to that implemented by Jazra and Smart [35], with
the second employing a streamline integration technique. A component build-up method is used,
which is particularly necessary in the utilisation of streamlines, as large discontinuities across
components may result in inaccurate surface velocity interpolation. The goal of these methods
is to determine strips of panels, normally beginning at the leading edges, where flow will run
until it either detaches, or an edge is reached. This determines the flow property inputs to panels
utilising shock-expansion techniques, and running or characteristic lengths for local Reynold’s
number computation. The latter is therefore determined either by cumulative distance from
leading edge to given panel centre point in the strip theory approach, or total distance travelled
by a streamline at exit point of the panel in the integrated method.

2.5.1

Streamline Integration

Streamline tracing attempts to produce a reasonable approximation of flow velocity over a given
surface. Given an inviscid flow field over the entirety of a given surface, streamlines are traced
from the leading edge downstream until an edge or stagnation point is reached. This process
is repeated until it is known for every panel, which panel or edge it expands or contracts into.
To ensure that the streamlines remain constrained to the surface, tracing is performed in twodimensions, with the third being defined by the corresponding value that lies on the panel plane.
Since inviscid inclination methods do not provide information on the direction of velocity on a
panel’s surface, a simple yet widely used assumption is employed [36, 37]:
Vsur f = n̂ · V∞ · n̂

(2.31)

Where Vsur f is the tangency velocity vector on the surface, and the remaining terms are consistent with equation 2.1. Note the earlier caveat of a "reasonable approximation" of surface
velocity was made due to this simplified approach which, as it is pre-requisite to the reference
temperature method in section 2.4, does not account for boundary layer effects.
This surface velocity vector is calculated at the centre of each panel, and thus a method to
produce a velocity field encompassing all edges of the surface is required. An accurate representation of the geometry to be analysed will provide a large amount of panels and therefore data
points at which the surface velocity has been calculated. Therefore, linearly inter/extrapolating
out to panel edges should maintain a well defined velocity field. However, this is limited by
surface definition, with discontinuities in geometry manifesting themselves in discontinuous velocity fields.
Once the flow field has been defined, a fourth order runge-kutta method is used to trace stream-
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lines, with velocity being interpolated within individual panels. Tracing continues bound to the
current panel surface until an edge is reached, where the new panel is determined and the process
repeats. To ensure all panels are planar, a triangular surface is required, meaning that quadrilateral definitions will be automatically subdivided. In this form, barycentric interpolation can be
utilised, allowing an accurate surface velocity to be calculated anywhere within a given panel.

2.5.2

Strip Theory

Strip theory allows viscous effects to be computed without streamline tracing, which decreases
computational load, and eliminates the need to ensure smooth geometries are input. To implement however, a regular quadrilateral grid is required, which will be discussed further in section
2.7. Such a grid defines strips of panels from leading to trailing edge, which therefore infers
surface streamlines. This is a reasonable assumption for well defined geometries and low angle
of attack. Of course, a certain degree of accuracy may be lost, especially at high inclination
angles.

2.5.3

Discussion

Although streamline tracing is the preferred panel method approach, issues persist in applying
it arbitrarily for the large design spaces sought in this research. Lack of continuity in geometry definition will lead to discontinuities in the velocity field. Guaranteeing continuous, well
behaved surfaces requires a large development effort, as well as increased computational load
due to increased number of required panels. Such methods are also limited by the simplified
definition of surface velocity field, which may negate any potential benefits.
Furthermore, the relative gain of employing streamline tracing methods is limited within the
scope of this work. In terms of viscous effects, rough approximations are an accepted limitation in the conceptual phase, with inviscid force contributions driving performance quantification. Many previous works employ empirical relations based on vehicle characteristics to
approximate viscous effects, thus making either streamline or strip local methods a relative improvement. Importantly, determination of viscous effects at leading edges, where maximum
temperature is normally found, is relatively insensitive to choice of method, since streamlines
have not yet propagated downstream.
The main difference arising from the choice of streamline method therefore stems from disparity
in downstream shock-expansion direction, since it affects inviscid aerodynamic computations.
Nonetheless, avoiding the use of such a method on windward surfaces localises this disparity to
shadow regions, which have a much smaller contribution to overall vehicle performance.
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Thus, this research will utilise the strip theory approach going forward, as the relative accuracy
gains are small compared to the required implementation and validation efforts. Future work
should look to improve upon geometry generation methods; to consistently produce smooth,
continuous surfaces, at which point streamline methods can be properly implemented. An intermediate approach to be considered is tracing streamlines from each panel centre point until
it intersects with one of its edges, therefore determining each panels successor, rather than integrating full surface streamlines from leading to trailing edges.

2.6

Validation

Before the aerodynamic module can be integrated into an optimisation framework, it is critical
that it has been shown to produce accurate results, and that any limitations are known. To do
this, comparative analysis should be carried out on existing data found in literature. Here, viscous methods are first validated independently, using a variety of geometries found in previous
research, to demonstrate their applicability in terms of thermal prediction. Following this, both
inviscid and viscous methods are combined to produce results for a number of independent components and a wing-body vehicle, showing the overall module’s ability to compute aerodynamic
characteristics of full configurations.

2.6.1

Viscous Effects

To demonstrate that the viscous methods described previously have been implemented correctly,
and are fit for the purpose of predicting thermal properties on the surface of a given body, a number of CFD test cases found in literature have been replicated. Primarily from the works of Higgins [40] and McNamara et al. [41], a variety of configurations and freestream flow properties
demonstrate the versatility and reliability required for use in a large design space framework.
Flat plate
Beginning from a simple flat plate case, the total rate of heat transfer per unit width is calculated
at a variety of hypersonic Mach numbers, for both laminar and turbulent boundary layers, and
compared to RANS data gathered by Higgins [40]. The total heat transfer rate is calculated from
the local rate and streamwise distance from leading edge as follows:
Z x

Q̇(x) =

q̇(x)dx

(2.32)

0

The plate is tested at Mach numbers in the range 5 ≤ M ≤ 10, with the remaining flow properties analogous to an altitude of 35km, and a constant wall temperature of 300K is specified.
Note that for a flat plate parallel to the freestream flow, the boundary layer edge Mach number
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is identical to that of the freestream.
The comparison is plotted in figure 2.3. For both laminar and turbulent cases, the low-fidelity
method provides a close approximation of the CFD results, particularly at lower Mach numbers.
A slight under-prediction is observed throughout the laminar Mach range, whereas the turbulent
case tends to somewhat over-predict the total heating rate until Mach 9, where it drops below the
high-fidelity case. This under-prediction at high Mach numbers is likely due to the gas dissociation experienced at such high speeds, which is not encapsulated by the low-fidelity method.
Regardless, the root mean squared percentage errors for the laminar and turbulent cases are
7.38% and 2.46% respectively, which is more than acceptable for a low-fidelity approximation.

Figure 2.3: Flat plate total heat transfer rates for various Mach numbers at 35km

Cone and Wedge
Heating rates at a local level are also provided by Higgins [40] for wedge and cone shapes at
Mach 8 and altitude 35km, with once again a prescribed wall temperature of 300K. Both geometries are defined by 10◦ semi-angles, with their chord parallel to the freestream flow. Figure 2.4
shows the streamwise local heat transfer rates for the wedge and cone respectively. The results
are almost identical to a similar comparison produced by Higgins, showing that the low-fidelity
methods have been implemented correctly for three-dimensional cases. The local heating rate
in both laminar and turbulent cases is under-predicted by the method at the leading edge, before
showing good agreement at x ≥ 0.4 for the laminar case, and an over-prediction of the heating
rate at x ≥ 0.15 for a turbulent boundary layer.
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(b)

Figure 2.4: Local heat transfer rates at Mach 8, 35km for 10◦ wedge (a) and cone (b)
Swept Wing
The research carried out by McNamara [42] provides a swept wing test case, in which RANS
simulations were carried out using the CFD package CFL3D to predict surface temperature.
Importantly then, this allows the iterative section of the low-fidelity method to be validated, producing a converged surface temperature across the entire wing, rather than a prescribed input.
The swept diamond wing geometry is shown in figure 2.5, with a comparison between the high
and low fidelity methods shown in figure 2.6. Direct comparison for specific locations are also
shown in table 2.1.

Figure 2.5: Schematic of diamond shape wing used for surface temperature validation [41]
As expected from a low-fidelity panel based method, the three-dimensional effects are not fully
captured, and the temperature distribution shows a higher degree of similarity over the wingspan
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than the high-fidelity simulation. Similar results have been observed by Wan et al. [43], who
also utilised this data to validate their low-fidelity viscous model. However, as shown in table
2.1, only a small error is present over the wing chord. Of particular note is the smallest error occurring at the leading edge, which is where most accuracy is desired, due to this being the area in
which temperature based constraints are most likely to be violated in a hypersonic optimisation.

Figure 2.6: Contoured temperature distribution over diamond wing for RANS (left) and lowfidelity method (right)

Table 2.1: Wall temperature comparison for various streamwise locations at 75% span

2.6.2

Location (x/c)

RANS (K)

Low-fidelity (K)

Error (%)

0
0.5
1

861.47
743.11
696.74

841.26
717.86
664.95

-2.35
-3.40
-4.56

Force Coefficients

Both inviscid and viscous aerodynamic methods are combined and used in comparison with
experimental and CFD data for body, lifting surface, and full wing-body geometries. This is
intended to show the methods applicability to both individual components and overall configurations.
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Cylindrical Bodies
Validation data is presented for six analytically defined body shapes, for which wind tunnel experiments were carried out by Landrum & Babb [38]. Generated models of the body shapes
are shown in figure 2.7. Here, a total of 2000 panels make up each configuration. Note that a
half-cosine spacing method has been employed, ensuring that the areas with highest curvature
(nose) are properly captured. Usually, the aerodynamic module defines atmospheric values are
defined by a set altitude. However, in cases where wind tunnel data is used for validation, the
actual test case flow conditions provided in the references are input.
Two inviscid methods were utilised in these validation cases: modified Newtonian and tangent
cone on impact surfaces, with Prandtl-Meyer expansion used for shaded regions in both circumstances, and the previously discussed viscous approach used throughout. Figures 2.8 - 2.9 show
a comparison of results for Mach 4.63 cases.
In the majority of cases, tangent cone/Prantl-Meyer provides an accurate comparison for normal
and axial forces. For all configurations, there is a tendency for the normal component to be
under-predicted as angle of attack increases. This is due to flow separation occurring on the upper surface during experiments, producing an area of suction and therefore increased lift. Since
the panel methods in this work do not model the surrounding flow physics, this is not replicated
within the numerical results. At lower angles however, where much of this work is focussed, the
numerical methods match experimental data accurately.
For axial coefficient, the combination of inviscid and viscous methods produce similar trends to
the experimental data, although the discrepancies are not consistent across all cases. The tangent
cone methods shows a clear improvement over the modified Newtonian approach in this case,
which is expected below high-hypersonic Mach numbers. Once again under-predictions can be
observed at high angles of attack, which is again due to flow separation and trailing wake produced on the upper surfaces. At low angles the tangent cone method shows improved accuracy
in 4 of the 6 cases, tending to over-predict the axial coefficient below 4 degrees.
In terms of pitching moment coefficient (measured from the nose), the modified Newtonian
method fits experimental data very closely, with tangent cone tending to over-predict the downward trend. Once again both methods perform well at low positive angles of attack, where this
work is focussed.
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(a) Cone - cylinder

(b) Circular arc - cylinder

(c) Blunt nose - cylinder

(d) Circular arc - circular arc

(e) Circular arc - cylinder boattail

(f) Circular arc - cylinder flare

Figure 2.7: Analytical nose-body shapes modelled to compare with wind tunnel data
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Figure 2.8: Numerical results compared to experimental data for body shapes (a)-(c) at Mach
4.63
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Figure 2.9: Numerical results compared to experimental data for body shapes (d)-(f) at Mach
4.63
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Table 2.2: Supersonic flight state for NACA66-206 aerofoil validation
Parameter
Value
Mach
2, 2.5, 3
Angle of attack, deg 6
Altitude, ft
35000
Aerofoil
With good agreement between experimental and the implemented low-fidelity methods for a variety of body shapes, it is imperative to test the framework’s ability to calculate the aerodynamic
properties of lifting surfaces also. While this is a requirement of any aerodynamic framework, it
is particularly important here, as independent methods are used for body and wing components.
With aerodynamic optimisation of aerofoil sections to be carried out, this presents a simple but
crucial starting point for lifting body validation. Implemented predictive methods are compared
with RANS data gathered in Giles & Marshall [39], where the NACA66-206 was analysed at
the conditions specified in table 2.2.

Figure 2.10: Baseline NACA66-206 aerofoil shape
Being a two dimensional problem, the obvious predictive method to employ is tangent wedge,
reducing the problem on the impacted surfaces to a series of shocks defined by the local wedge
angle created by the geometry, with respect to the freestream flow direction. For shadow surfaces, the Prandtl-Meyer method is again utilised, and the reference temperature approach employed to calculate viscous contributions. The resulting lift to drag ratios for the three Mach
numbers are shown in comparison to the baseline case carried out by Giles & Marshall in figure
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2.11.
The low-fidelity tangent wedge, Prandtl-Meyer and reference temperature method generally
over-predicts the lift to drag ratio across the three Mach numbers. This is due to increased
pressure forces near the leading edge, where surface properties must be solved using the Newtonian approach due to shockwave detachment. This over-prediction is therefore lowest at Mach
3, where more of the surface can be resolved using the tangent wedge method. Once again it is
noted that such methods improve with increasing Mach number, with Mach 2 generally assumed
to be the lower limit of applicability [14].

Figure 2.11: Numerical aerodynamic efficiency results compared with RANS data for NACA66206 aerofoil

2.6.3

Wing-Body Configuration

Having demonstrated the framework’s capability in predicting aerodynamic inviscid and viscous
characteristics of body and lifting surfaces separately, the final validation step is to ensure accurate results can be obtained from combined geometries. Analysing and optimising wing-body
vehicles is the primary goal of this work, meaning this overall validation of the combined predictive methods used across such vehicles is of paramount importance.
The experimental data for high-speed vehicles required to validate such models is severely lacking, primarily due to the highly sensitive classification that nations place upon their performance.
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Furthermore, obtaining an accurate geometry of the components is not trivial, generally requiring some estimations to be made from given parameters.
An exception to this is the previously introduced X-34 RLV concept, which has well documented experimental aerodynamics data, as well as geometric characteristics. The aerodynamic
and configuration data from Brauckmann [44] and Fuhrmann et al. [45] was therefore used to
create a simplified model of the X-34, shown in figure 2.12, and analysed to compare the combined predictive methods against hypersonic experimental data.
The main discrepancies between X-34 and the simplified model are the lack of nozzle, control
surfaces, and use of constant cross-section throughout the aft portion of the fuselage. These
details were omitted from the model as they only have a small effect on overall aerodynamic
characteristics (with undeflected control surfaces). Further discrepancies arise from the lack of
available data for the wing and tail aerofoil sections, where estimated profiles were manually
extracted from images in literature [44, 45].
Figure 2.13a shows the variation in impact prediction methods across the vehicles surface and
components for Mach 6 and 4◦ angle of attack. Each part of the X-34 has default prediction
methods consistent with table 2.3. However, note the use of Newtonian theory on the outboard
wing section leading edge, this is due to the inclination of these panels toward the flow, making attached shockwaves impossible. As described in section 2.7, such panels are automatically
adjusted to use the default detached shock method, allowing analysis to continue. Note that
panels not impacted by the flow are also shown in figure 2.13a, in which case the Prandtl-Meyer
relations are generally used across all components, with exception to the base.
The resulting pressure distribution over the entire surface is shown in figure 2.13b. As expected,
the areas of maximum pressure are those with the highest inclination towards the flow; mainly
the nose and outboard wing leading edge. Pressure then drops off drastically for decreasing
inclination angle, where attached shockwave methods are utilised. Further reduction in pressure
can be seen as the surface turns away from the flow, particularly on the upper side of the wing.
Finally, a comparison of predicted and experimentally measured force coefficients for Mach 6,
across a variety of angle of attack values, can be seen in figure 2.14. These coefficients were
obtained using the reference area given in Brauckmann [44]. As can be seen from the figure, the
framework predicts both lift and drag coefficients very accurately throughout the whole angle of
attack range, capturing both trends observed in experimental results. In terms of lift, the model
tends to consistently over-predict the experimental data, with drag coefficient appearing to be a
closer match. The model does tend to under-predict drag slightly at low angle of attack, before
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over-predicting at α ≥ 10◦ . Nonetheless, note the prediction also follows the experimental data
in terms of minimum drag angle of attack, which for this Mach number is around 4◦ .
These results are very promising for the use of low-fidelity methods in this framework. The
model has previously demonstrated capability in determining the characteristics of individual
components. However, this shows its ability to analyse full configurations accurately, through
the use of dynamic predictive methods based on component type and inclination angle. In fact,
these results are considerable improvement over the cylindrical body results shown previously.
One of the reasons for this is due to the increased Mach number, since the inviscid pressure
methods become more reliable as Mach number rises. Furthermore, since the X-34 model employed for numerical analysis is a simplified representation, it is assumed that an improved
geometry will deviate from the numerical results shown here. This will most likely result in
further discrepancies between numerical and experimental data, particularly in the case of drag
coefficient, considering the current simplified model matches the experimental data very closely.
This concludes the validation of the aerodynamic model, which has demonstrated accuracy in
predicting a range of body, aerofoil, and full wing-body designs. The model can now be applied,
with confidence, in an aerodynamic optimisation context.
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Figure 2.12: X-34 schematic [46] and simplified model used for validation
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(a) Impact methods used

(b) Predicted surface pressure coefficient

Figure 2.13: Analysis methods and pressure coefficient for X-34 at Mach 6, 4◦ angle of attack
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Figure 2.14: Predicted X-34 force coefficients against experimental data at Mach 6

2.7

Implementation in Overall Framework

With aerodynamic methods validated for a variety of use cases, what remains to be discussed
is their overall implementation; from receiving an arbitrary geometry, to outputting component
and full configuration aerodynamic characteristics. A brief overview of the required steps will be
given here, to provide the reader with an understanding of the overall process and its versatility.

2.7.1

Inputs

Two inputs are required to allow aerodynamic analysis to be carried out: the freestream flow
properties, and a point grid representing the geometry to be analysed. Only some key geometric
properties must be passed to the aerodynamic module, which then derives the remaining inputs.
Freestream Flow Properties
Assuming a static flight state, only two properties are required to create a simple atmospheric
model in continuum flow: Mach number and altitude. Using the model presented by Tewari [47],
the remaining flow properties, such as air temperature and density, can be calculated.
The aerodynamic module assumes an unrotated geometry is input, therefore a third property to
be input is angle of attack. An exception to this is where the geometries trim conditions are to
be found, where a sensible starting point is assumed, discussed further in section 2.7.4. Defining angle of attack as a flow property, rather than rotating the geometry prior to aerodynamic
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analysis, allows the freestream velocity vector to be rotated instead. This maintains simplicity
within the overall process, allowing analysis to be carried out for multiple angle of attack values through the rotation of a single vector. Once the flow direction is rotated, equation (2.1)
can be used to recalculate the local surface inclination of the geometry, and the overall process
repeated.
Geometry
At a minimum, the geometry input should grid in either (x, y) column format for 2D shapes,
or matrix from, with rows and columns representing the streamwise and radial dimensions of
three dimensional bodies. A second option is available for 3D geometries specified in triangular
format, where a (n × 3 × 3) matrix is input, with each row specifying one of n triangles in x, y, z
coordinates. Additionally an identifier can be specified, usually defined by the geometries class,
which allows the aerodynamic module to select the appropriate prediction method.
With the geometry input, the module derives the data necessary for aerodynamic analysis. Panel
centre points where loads will be applied are computed, as are panel areas and outward facing normals, to allow forces and their dimensional components to be resolved at the integration
phase. Some panels may collapse into triangles or lines, which must be flagged so that they can
be appropriately dealt with during the use of streamline based methods.
Finally, to correctly normalise output force and moment coefficients, reference area and characteristic length are required. If these are not specified directly, but geometries have been passed
in a class format, the wing will be projected into the centreline, with reference area computed in
the xy-plane, and moment arm defined as mean aerodynamic chord. If no wing is specified, the
body xy-plane projection will be used instead.

2.7.2

Pre-processing

Local inclination angles are found using panel outward facing unit normals, and a rotated
freestream velocity vector with respect to angle of attack, through equation (2.1). The sign
of each panels inclination to the flow therefore determines if it is impacted by the flow (+ve), or
in the shadow (-ve).
If an identifier has been specified, it is parsed through the impact and shadow methods list, to
determine which approaches should be primary in determining aerodynamic characteristics. A
list of all available methods, along with default options for a variety of geometries is shown in
table 2.3.
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Table 2.3: Available impact and shadow methods for aerodynamic calculation, with default
options for input geometries
Method

Geometry

Impact

Newtonian
Tangent Wedge
Tangent Cone
Shock-Expansion

Nose
Aerofoil, wing, tail
Fuselage

Shadow

Newtonian
Shock-Expansion
Base Pressure

Aerofoil, wing, tail, fuselage
Base

Lookup tables are initialised for both θ -β -M, and tangent cone relations, allowing fast searching
algorithms and interpolation methods to be employed, reducing computational overhead. For
surfaces that use attached shock methods, a check must be carried out to ensure that such a
shockwave is possible. To do this, the maximum concave deflection angle allowed for a weak
attached shock to form on the surface at the given freestream Mach number is found using
the θ -β -M table. Any panel inclination angle exceeding this maximum is therefore set to use
Newtonian flow for computation of local properties. In a similar fashion, a cut off angle is
applied in the shadow regime, with panels at a lower inclination to the flow than this minimum,
typically set at −45◦ , using base pressure to calculate surface properties.

2.7.3

Analysis

Figure 2.15 depicts the overall process within the aerodynamic module, and in particular the
logic required to analyse arbitrary input surfaces using the previously described inviscid methods. As a first step, surface flow direction must be calculated on a local basis, specifically defining a series of panels representing a streamline. Whether integrated streamlines or strip theory is
utilised here, it is important to note that the direction of surface flow must be defined before any
further analysis is calculated, even in purely inviscid cases, since the shock-expansion method
requires this information.
For independent panel methods; those that rely solely on a given panels inclination to the flow,
properties can be calculated for every panel in one pass through the chosen analysis method.
However, when dependent, streamline based methods are used, an iterative scheme is required.
Since such methods often propagate from panels further upstream in the impact region, all surfaces utilising independent methods are computed first. If the panel is at the beginning of a
streamline, for example the upper surface of an aerofoil at high angle of attack, then freestream
flow properties are used as a starting point.

Pre-processing
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inclination & velocity
definitions

Set default methods
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Derive atmospheric
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No

Yes

Inviscid flow logic

Shielded

Maximum
turning/minimum
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exceeded

No

Default shadow
method

Yes

Yes

Base method

No
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shockwave
method

No
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Yes
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No
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No
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Figure 2.15: Overall aerodynamics methodology flowchart with inviscid flow logic
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distribution
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Output
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coefficient, heating
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Figure 2.16: Iterative viscous methodology flowchart
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Each inviscid method outputs local pressure coefficient, Mach number, temperature, and density
of the flow over a given panel. This information, along with the geometry itself, is then passed
to the viscous solver, discussed in section 2.4, which iterates until a converged local surface
temperature and skin friction coefficient is found. Figure 2.16 shows the implementation of this
process in further detail.
Finally, with all outputs received for inviscid and viscous modules, local characteristics can be
integrated across the surface to determine overall aerodynamic characteristics of the given geometry. Panel pressure coefficients are resolved to lift and drag components, once again using
their outward facing normals and angle of attack, before being normalised by the overall reference area. These coefficients, along with freestream flow properties, are then used to determine
lift, drag, and moment forces on the geometry, which completes the analysis phase for the given
flight state.
As this model utilises a component build-up approach, each part of the overall geometry is
passed through this analysis phase separately. Outputs are therefore on a part by part basis,
alongside integrated force and coefficients for the complete vehicle.

2.7.4

Trim

If a component or vehicle is to be trimmed, a further input of mass is required, in order to
find the angle of attack at which lift equals weight. The vehicle will be analysed at a nominal
starting angle of attack, α0 = 5◦ , followed by a deviation given by α1 = α0 ± 5◦ depending on
whether the overall lift is less or greater than vehicle weight for the initial case. Thereafter, as
the lift curve slope is roughly linear, trim angle of attack is repeatedly estimated through a linear
interpolation search, down to three decimal places. A default tolerance of 1% is put in place to
satisfy trim convergence. Of course, there are geometry, flight state, and weight combinations
that will be impossible to converge. In such cases, default maximum and minimum angle of
attack values are invoked, with trim calculation terminated if the system is unable to converge
within these boundaries.

2.7.5

Static Stability

Static longitudinal and lateral stability characteristics can also be output from a given aerodynamic analysis. This is particularly useful when combined with trim convergence, where static
stability is imperative. Longitudinal stability characteristics neatly falls out of the trim convergence routine, requiring only the previous state to be saved in order for results to be computed. If
vehicles are to be analysed at rigid flight states, a small perturbation in angle of attack is applied
after the nominal case has concluded, with static longitudinal stability given by:
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dCm
<0
(2.33)
dα
Determination of lateral stability requires a similar angle perturbation in the xy-plane, otherwise
known as the sideslip angle, β . With vehicles being analysed as half-bodies through their longitudinal plane of symmetry for computational efficiency, estimation of static lateral stability
requires some additional analysis.
Firstly, to maintain simplicity and avoid the recalculation of half-body geometric properties,
the incoming flow velocity vector is rotated, rather than the vehicle itself. The now positive
y-component of velocity can be included in equation (2.1) as normal, to determine local surface
inclination towards the freestream flow. Computation of aerodynamic coefficients for half-body
vehicles is therefore carried out in the same manner as before. However, since the flow is no
longer parallel to the symmetry plane, the full vehicle geometry must be analysed. This is
done by projecting the original half-body in the negative y direction, and computing geometric
surface data for the new half-body. It is important to note that the reference area must be doubled
in this case; allowing nominal half-body, and positive sideslip full configuration aerodynamic
coefficients to be compared directly. With analysis complete and consistently normalised, static
lateral stability can be tested for by the relation:
dCL
<0
dβ

2.8

(2.34)

Conclusions

A variety of low-fidelity methods have been implemented for both inviscid and viscous aerodynamic prediction, providing a versatile set of tools, able to be used in tandem based on local flow
properties and surface inclination. Methods such as modified Newtonian, tangent wedge/cone,
and shock-expansion have been implemented to determine local inviscid conditions across the
surface. Reference temperature methods then use the output inviscid flow characteristics, along
with estimated surface streamlines, to determine the contribution of viscous effects. These local
properties are then integrated across a given surface to provide overall aerodynamic forces, moments, and coefficients.
With a wide scope of geometries to be analysed throughout this research, a number of validation
cases have been presented, in order to compare the models analysis with existing experimental
data. Analytical body shapes, the NACA66-206 aerofoil section, and full X-34 wingbody vehicle have been analysed to show the accuracy of individual and combined low-fidelity inviscid
methods, while two-dimensional flat plate, and three-dimensional conical and wing configuration data have been used to independently validate the employed viscous methods.

CHAPTER 2. AERODYNAMIC MODELLING

51

The use of these low-fidelity methods allow rapid computation of arbitrary two and threedimensional shapes, requiring only a surface mesh and freestream flow properties to compute
aerodynamic coefficients and forces. With default methods in place for body and lifting surfaces,
along with appropriate checks to ensure the best method is employed at each discretised patch
of a given surface, full configurations can be analysed using a component build-up approach.
The development of this aerodynamic prediction module is therefore the key component in terms
of analysis within the large design space optimisation work that is to be carried out in this research. Having an algorithm that can handle the highly varied input geometries that a population
based framework will produce is of paramount importance; avoiding potential errors that terminate analysis, or produce non-physical results, potentially leading to sub-optimal or infeasible
designs being characterised as optimal. Furthermore, the computational efficiency of the module
allows for thousands of configuration and flight state combinations to be analysed with relatively
little computational cost, which is a necessity when optimising from a randomised starting population.

Chapter 3
Optimisation Methodology
3.1

Introduction

Techniques utilised for optimisation throughout this work are detailed in this chapter. Aligned
with the overall theme of this research, a number of optimisation approaches, and optimiser specific tools are employed in a modular fashion, allowing both multi-fidelity and multi-disciplinary
problems to be tackled, utilising best practices from a wide scope of prior research.
Defining, implementing, and leveraging appropriate optimisation methods for this research is
perhaps the most critical component of the entire framework. While geometric design space,
techniques used for analysis, and their versatility in creating arbitrary designs with accurate
performance characterisation are absolutely necessary; the relative power of these tools will be
under or inappropriately utilised without proper utilisation of optimisation methods that enable
the design space to be searched efficiently.
The degree to which a design space can be exploited to achieve optimal results is entirely problem dependent. In a typical existing design optimisation, many of the characteristics will either
be pre-determined, or have little scope to change, requiring fine tuning and accurate analysis to
squeeze every ounce of performance from the small amount of possible variability. Such problems logically desire incremental changes to be made towards regions of improved performance,
as opposed to large scale scattered sampling that is independent of the initial design.
In the absence of an existing model, a larger scale design optimisation approach is desirable;
seeking to find areas of the design space with promising performance, but with a higher degree
of uncertainty in performance quantification. Trade-offs such as these are often non-negotiable,
due to computational power required, and/or inability to automate the use of highly accurate
and all-encompassing analysis. In these exploratory optimisations, it therefore makes sense to
determine optimality on a spectrum, or employ methods that attempt to reduce uncertainty in
52
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performance quantification, rather than attempting to find the absolute minimum of a cost function that may not be representative of real-world conditions.
Further considerations must be taken into account when working with large design spaces, including determination of feasibility in addition to optimality, since some variable combinations
may result in attractive objective functions at the cost of destructive performance elsewhere.
This may lead to small and sparse feasible regions within the design space, further demonstrating the need for an efficient, large scale search of designs. These pockets of feasibility, along
with the desire to define optimality on a spectrum, combine to highlight the need for diversification within the overall process, thus decreasing the likelihood of premature convergence within
a small region of the design space.
The methods implemented here begin from commonly employed gradient based variants, which
introduce the fundamental understanding of optimisation processes. While providing the necessary background, these methods are also used to benchmark the more bespoke techniques that
are used for exploratory design optimisations, which are the main focus of this research. These
heuristic methods are then described in detail; building from their inception to the current stateof-the-art. Single and multi-objective methods are employed, with a focus on agile design space
exploration. Methods used to enforce constraints are then discussed, which attempt to strike the
balance between finding feasible designs, and ensuring they do not result in premature convergence of the optimisation. The developed population based optimisers are then tested against
industry standard variants, demonstrating their fitness for purpose within large scale design optimisation work.

3.2

Local Optimisation

This section focusses on the theory behind gradient based methods, in which a starting point
within the design space is iteratively perturbed in each variable dimension, to determine a
promising search direction towards an improved cost function. This discussion builds from
inefficient entry level algorithms towards more sophisticated techniques that can be readily applied within the scope of this research.
Beginning from first principles, the motivation behind optimisation methods is to take a function,
dependent on a number of variable parameters, and minimise the resulting output:
min f (x)

(3.1)

Where f is the cost or objective function, and x is a vector of optimisation variables that will
be altered throughout the minimisation process. This generalisation clearly has far reaching
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applications, throughout engineering and beyond. With such a diverse set of potential problems,
a similar set of methods have been developed to tackle them; allowing the user to determine
which is the most appropriate to their application.

3.2.1

First-Order Gradient Based

Derivative based search methods rely on two key assumptions about the optimisation problem:
that all functions associated with it are at least twice continuously differentiable, and that a
reasonable or close to optimal starting point is provided [48]. In such an approach, the goal is
to begin with this original design, and iterate the optimisation variables, based on a change in
these parameters that improves the cost function, until a minimum is reached. Generally, this is
described by the following equation:

xik+1 = xki + ∆xki

(3.2)

i = 1, 2, ..., n and k = 0, 1, 2, ..., m
Where x is a vector of the design variables, with i being the design variable number. ∆x is a
vector of the design change, and k is the iteration number. In order to improve upon the initial
design, in terms of a give cost function, the change in optimisation variables at a given iteration are calculated by perturbing each in turn, and using the respective cost function values,
gradients, and potentially second derivatives of these functions, to find an overall direction that
improves the design. Ideally, this process repeats until an optimal value is found, however other
criteria, such as maximum number of iterations, or tolerances with respect to the cost function
or change in design, can also be used to terminate the optimisation.
Under the assumption that a single starting point is selected, techniques purely based on equation (3.2) can only be guaranteed to converge to a local optimal, due to the fact that the changes
in optimisation variables are based on perturbations relative to the initial design.
Beginning with an unconstrained optimisation, the determination of the change in design variables at a given iteration is separated into two sub-problems:
∆xk = αk dk

(3.3)

That is, the calculation of a positive scalar step size, αk , and a search direction d, that improve
the current design. Many methods have been derived to tackle these two sub-problems, however
their limited use in the work justifies only a brief discussion of the methods employed.
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In terms of search direction, the conjugate gradient method, an advancement on the typical
steepest-descent algorithm is utilised. The determination of gradient is shown in equation 3.4,
which points in the direction of cost function increase:
c = ∇ f (xk ) =

h

∂ f (xk )
∂ x1k

∂ f (xk )
∂ x2k

...

∂ f (xk )
∂ xnk

i

(3.4)

Which represents the gradient of a cost function f (xk ), as a set of partial derivatives, with respect
to the previously introduced vector of designs design variables x. By this definition, the gradient
vector points towards the direction that locally maximises the overall cost function, meaning
that the search direction d, must be the negative of this vector. Incorporating this with direction
information from the previous iteration, forms the conjugate gradient, as shown in 3.5:
dk = −ck + βk dk−1

βk =

||ck ||
||ck−1 ||

(3.5)

2
(3.6)

Advice has also been taken from Arora [48], to alter the conjugate gradient from the FletcherReeves equation (3.5), to the Polak-Ribiére [49] variation, depending on their resulting values at
a given iteration. Since this method requires information from the previous iteration, the initial
iteration of the optimisation will be identical to that of the steepest-descent algorithm (dk = −ck ).
Once the direction of descent has been computed, all that remains as an unknown is the scalar
value defining how far in this direction should the design travel, in order to reach the new design
state, xk+1 . The calculation of this step-size value is thus a simple line search of the function
f (αk ), regardless of the number of design variables employed, and its purpose is to find the
maximum decrease in the cost function, based on the pre-determined search direction.
This sub-problem can be further divided into two parts: locating the interval in which the minimum value resides, and reducing this interval to the desired tolerance. Once again, many algorithms exists for approaching both of these tasks, and the following implemented algorithms
have been chosen with focus on efficiency in terms of cost function evaluations, and accuracy of
the computed optimal step-size. Note that this generally results in a trade-off, as increasing the
accuracy of optimal step-size may increase cost function evaluations for a given iteration, but
may also result in faster convergence and thus, a reduction in total iterations.
Locating the interval in which the minimum value exists is achieved by the variable-interval
golden section search algorithm. Here, a small value δ is selected as the step-size, and assuming
the resulting cost function is lesser than that of the initial value, that is f (xk + αdk ) < f (xk ), it
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is used as the initial lower boundary of the line search. The upper boundary is then computed,
with the aid of the golden ratio, by taking a step in the 1.618δ direction, and computing the
resulting cost function. This process repeats, shifting the upper and lower boundaries by this
increasing step, until the cost function begins to increase. At this point, the minimum value
must lie between the two previous boundaries of the step-size. Within these boundaries, three
cost function values have already been computed, and these can now be used to initialise the
uncertainty interval reduction phase. This problem can also be approached using the golden
ratio, however two other methods have been chosen, based on the reasons specified previously.
The first approach uses the three values of the step-size corresponding to the cost function values
that lie on or within the computed initial interval of uncertainty, to produce a quadratic approximation of the overall function f (αk ), within this boundary. Following this, the function can be
solved and a minimum value found, which replaces one of the three initial step-sizes depending
on its location. This process is repeated until the interval of uncertainty drops below the specified tolerance. In terms of exact line searches, this method is highly efficient. However, any
exact line search requires the gradient of the cost function to be calculated at every candidate
step-size, which depending on the cost function, can be highly computationally expensive.
In such situations, an inexact line search may be preferable. Armijo’s rule has been implemented
as an option in this case, which ensures that the step size is not too large, overshooting the minimum point, while simultaneously demanding a reasonable improvement in the cost function.
Further details on Armijo’s rule, along with the algorithm can be found in Arora [48].

3.2.2

Second-Order Considerations

The rate of convergence of the conjugate gradient method is limited by the use of only firstorder derivatives of the cost function with respect to the design variables, and computation of
second-order derivatives can improve upon these methods. However, differentiating the already
computed gradient vector with respect to the design variables results in a total of n(n + 1)/2
second-order terms to be determined, in order to form the Hessian matrix, as shown below:
∂2 f
2
 ∂ 2x1
 ∂ f
 ∂ x2 ∂ x1

∂2 f
∂ x1 ∂ x2
∂2 f
∂ x2 ∂ x2

∂2 f
∂ xn ∂ x1

∂2 f
∂ xn ∂ x2


∇2 f = 



..
.

..
.

...
...
...
...

∂2 f
∂ x1 ∂ xn

∂2 f 
∂ x2 ∂ xn 



..
.

∂2 f
∂ xn2





(3.7)

Note that some of the nomenclature has been dropped here for cleanliness, however the Hessian
corresponds directly to a differentiation of the gradient vector in (3.4), with respect once again
to the design variable vector.
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One such second order approach is Newton’s method, which perturbs the variables at a given
iteration, and finds the change in cost function by a second-order Taylor expansion, requiring
the Hessian to be computed directly [48]. The determination of this matrix at every iteration
significantly increases the computational load, and furthermore, optimisations utilising direct
Hessian methods run into problems if it is singular or not positive definite.
To overcome these issues, quasi-Newton methods have been implemented, which allow an approximation of the Hessian to be formed and updated using only the current design point and
first-order information. Not only this, but their formulation ensures positive definiteness and
symmetry throughout the process, meaning that the overall change in design variables, or search
direction, will always reduce the cost function.
The BFGS method [50,51] has been utilised in this implementation, which significantly reduces
computational time by approximating the Hessian from previous search directions. The search
direction for a given iteration is determined by solving the linear system of equations:
Hk dk = −ck

(3.8)

Where the Hessian is approximated via:
T

k+1

H

T

ck ck
yk yk
=H + k k − k k
y ·s
c ·d
k

(3.9)

As observed, an initial Hessian matrix must be provided, due to the incremental nature of equation (3.9). Since the BFGS method guarantees a symmetric positive definite matrix, a similar
matrix must be input. To avoid an initial direct calculation of the Hessian, an identity matrix is
employed instead. Much like the conjugate gradient method described earlier, this results in the
first iteration of the BFGS approach being identical to that of the steepest-descent algorithm.

3.2.3

Bound & Constrained Local Optimisation

So far, the methods discussed assume that the design space is unconstrained, and that variables
are allowed to take any conceivable form. In reality, this is rarely the case in engineering design
optimisation, with realistic boundaries being placed on the search space, along with constraints
on variables and design characteristics or performance. In such cases, equation (3.1) is extended
to become:

CHAPTER 3. OPTIMISATION METHODOLOGY

min

f (x)

s.t.

xilb ≤ xi ≤ xiub ; i = 1 : n,
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(3.10)

g j (x) ≤ 0; j = 1 : p,
hk (x) = 0; k = 1 : m
Where xilb and xiub are the design variable lower and upper boundaries, p is the number of g
inequality constraints, and m is the number of h equality constraints.
Constraints which are violated may drastically affect the final value of the cost function, imposed
by methods that will be discussed in section 3.4. What is important to note here is that since
some form of penalty will be added directly to the cost function, constraint function gradients
must be also be obtained when determining descent direction.
To utilise the potentially large number of gradients computed at every cost function call to determine search direction in an efficient manner, a sequential quadratic programming routine is
employed. This is a sub-problem that must be carried out at every iteration, and is briefly described below:
min
s.t.

1
f¯ = cT d + dT d
2
T
N d = e,

(3.11)

AT d ≤ b
Where f¯ represents the change in cost function; N is matrix composed of the change in equality
constraint functions, differentiated with respect to the change in design variables; e is the negative of the equality constraint values; with A and b representing the same terms for inequality
constraint functions.
Equation (3.11) describes a convex sub-problem, meaning if a minimum exists, it will be unique.
Thus solving this sub-problem ensures that if a feasible search direction exists, the cost function
value, including penalties produced by violating constraints, will reduce in a given iteration [48].

3.2.4

Drawbacks

While gradient based optimisers are a powerful tool used extensively in engineering literature,
the methods described here only guarantee convergence on a local minimum within the cost
function space. This may be ideal for pre-existing designs that have scope for fine tuning and
thus a more efficient design, but offer little insight when working with large design spaces, or
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generally when a close to optimal starting point is not present.
The exploratory optimisation problems sought to be conducted here fall into the latter category,
and require the design space to be viewed from a different angle than that of a single initial
design to be improved upon. Application of gradient methods within these type of problems
would result in a variety of final designs across a number of optimisations and starting points.
While some designs may be genuinely promising, many will be grossly misidentified as optimal,
with the optimiser converging to a local minimum that is far away from that of the global.
Note that as the design space grows and becomes more tightly constrained, the performance
of gradient based algorithms can only deteriorate, due to an increasingly large cost function
space with many local minima, surrounded by noisy regions of constraint violation. This lack of
repeatability and poor convergence characteristics is the antithesis of what optimisation methods
are designed to produce, requiring considerably larger coverage of the design space.

3.3

Global Optimisation

The main focus of this work is generating novel designs from an arbitrary starting point. Local
optimisation methods work well on the basis of having a starting point that is close to optimal,
thus small changes to the design variables can produce gradient values and allow a search direction to be determined. However, in cases where no starting point is available; the starting point
is not close to optimal; or its optimality has not been determined, an exploratory search of the
design space is a key tool that should be utilised. Proper implementation of this method allows
new designs to be produced, and can quantify the optimality of an existing design for the given
problem and variable set. It must be emphasised that such work is therefore relevant whether an
existing design is present or not, since a design’s optimality must be quantified on a global level,
in order to determine it a close to optimal starting point.
While gradient-based methods can be adapted to become global optimisers; using multiple start
point or hill climbing methods for example, they become inefficient and unreliable as the design
space grows and problems become tightly constrained. In such cases, it is more intuitive to think
of the search space in a collective manner, rather than adapting one set of variables at a time.
Population based techniques have therefore been chosen for global optimisation applications
in this research. Such methods can be applied to a broad range of problems, since they only
require the cost and constraint function values to progress through iterations. Furthermore, the
lack of gradient information allows them to tackle non-smooth or discrete problems, and highly
constrained or noisy applications.
Population based optimisers initialise multiple candidate solutions, and update them simultane-
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ously within a given iteration. The underlying rationale behind these methods is to find solutions by introducing some randomness, usually within a nature-inspired process. Since these
approaches are heuristic, a high number of cost function evaluations are required to ensure that
solutions obtained are optimal. Not only is this due to the entire population being evaluated at
every iteration, but also due to a potentially high number of iterations required to achieve convergence. Nevertheless, in a large design space, highly constrained problem, optimal solutions
can lie in small crevices within a noisy cost function space, meaning a high number of cost
evaluations should be considered a necessity, rather than a drawback.
Since these methods are numerical in nature, there is no guarantee that globally optimal solutions
will be found. Thus, various methods and adaptations have been proposed through the years,
forming a rich research branch that continues to evolve. The probability of a globally optimal
solution being found using a numerical method is of course problem dependent. Therefore, it
is no surprise that such methods, or adaptations made to them, can simultaneously demonstrate
positive and negative effects across optimisation problems. Since there are a large number methods and various nuanced developments within them, this work does not intend to review all the
pros and cons for the problems presented. Some methods and their alternatives will be discussed
and compared where it is deemed important, otherwise the choice of selected methods will be
justified.
At this point, it is imperative to note that finding the absolute global optimal of a given problem
is not necessarily the primary goal of the problems discussed in this research. Considering that
this work is aimed at the preliminary design phases, a spread of potential designs is much more
desirable, due to inaccuracies arising from the low-fidelity cost function. In single-objective
optimisation there is no meaningful way to achieve this, since most cost functions will have a
unique minimum value. However, utilising multi-objective cost functions allows the formation
of performance trade-off curves or Pareto fronts [52], which will be described more in section
3.3.4. Here, a range of designs are simultaneously defined as mathematically optimal, allowing
the most realistic to be selected for further analysis.
Clearly then, producing a diverse set of results is of paramount importance, and a variety of
techniques have been selected for the purpose of increasing diversity, ensuring that the optimisation does not overly focus on the ideal trade-off point between cost functions. This aligns well
with the strengths of population methods, and the purpose of an exploratory search; promoting
the exploration of various avenues to find crevices throughout the objective function space.
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Candidate Techniques

As mentioned previously, numerical population based methods have gained much attention
throughout the years, with various nature inspired techniques being developed. Most prevalent
of these is the genetic algorithm (GA) [53], followed by particle swarm optimisation (PSO) [54].
These algorithms have been compared and contrasted across various fields and applications,
showing great versatility with little or no modification. Many other techniques have also been
developed throughout the years, such as ant colony optimisation and simulated annealing. However, with such a large spread of GA and PSO literature, containing many variants and problem
dependent nuances, the choice was quickly narrowed down to these two popular and highly versatile algorithms.
The genetic algorithm was made popular in the 1970s by Holland [55]. As its name suggests,
it is inspired by genetics and evolution, mimicking reproduction and survival of the fittest [56].
By analysing the objective and any constraint functions, the algorithm will begin discarding
undesirable traits within the population, in terms of the design variables. Similarly, variables
or genes that perform well will likely be passed on through generations. The binary nature of
the GA allows for both discrete and continuous design variables, and has been demonstrated to
work effectively in highly constrained, non-linear cases.
While the genetic algorithm could be utilised effectively in this research, particle swarm optimisation has been shown to be more efficient for purely continuous problems, due to its inherently
continuous nature [56]. Many papers have also shown particle swarm to be an improvement
over the GA in terms of efficiency and optimal values found [56–59], although as mentioned
previously, the ideal choice of optimiser is often problem dependent. On top of this, PSO algorithms have been updated to include characteristics found in evolutionary methods, such as
mutation and ageing [60, 61]. For these reasons, it was decided that the particle swarm optimiser was the superior option, with the ability to incorporate most of the techniques found in
genetic algorithms. Fully continuous design spaces have therefore been employed, ensuring
they are as transparent as possible, and maximising the probability of optimisation convergence.
Experiments showing comparisons between the PSO and GA will be discussed in section 3.5.
However, the following will present a more detailed PSO introduction, and in depth discussion
of the specific implementation within this research.

3.3.2

Single-Objective Particle Swarm Optimisation

Originating in 1995 by Eberhart and Kennedy [62], Particle swarm optimisation has become
increasingly popular among researchers, particularly in continuous design space problems. In
a broad sense, a population of particles is initialised within the boundaries of the design space,
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and proceed to iteratively travel through the hyperspace in search of an improvement in the
objective function(s), until some convergence criteria is achieved. This movement of particles
is driven by the position or set of positions that have resulted in the best cost function values.
Importantly, one of the main distinctions between PSO and other evolutionary algorithms, is
that it retains these ideal solutions in memory, and thus particles will continue to be drawn
toward their locations in consecutive iterations until an improved position is found. Looking at
an individual in a population of particles, its position is updated as follows:
xk+1 = xk + vk+1

(3.12)

Where x is the vector of design variables defining the particle’s position at the current and next
iterations k, k + 1, and v is the particle velocity, obtained by:
vk+1 = ωvk + c1 r1 (pbk − xk ) + c2 r2 (pgk − xk )

(3.13)

Here pbk and pgk represent the best observed position of particle d, and the best position observed
across the entire population. The constants c1,2 define cognitive and social learning factors respectively, while r1,2 are random numbers in the range [0, 1]. The difference in this equation
from the original proposed in 1995 [62] is the inclusion of an inertial term ω, introduced by Shi
and Eberhart [63]. As its name suggests, this term retains some of the particle’s velocity from
the previous iteration, to ensure that some consistency is maintained, and particles are not making rapid changes in direction at every update. Equations (3.12)-(3.13) make up the fundamental
PSO algorithm, demonstrating its ease of implementation for a multitude of problem spaces.
Applying randomness to the process allows areas surrounding the best observed positions to be
explored without the need for gradient information. However, as previously stated, it comes
with the price of requiring a large number of cost function evaluations before any confidence in
convergence can be drawn. Furthermore, as with all global optimisers, premature convergence
to local optima can be observed. Clearly then, further adaptations are required to improve the
performance of PSO, and increase the probability of obtaining the global optimal for a given
problem. Various concepts have been introduced with varying degree of success in literature,
and this work does not look to exhaustively review each one. However, promising techniques
that have been implemented in the current research will be detailed.
Research also varies in the recommendation of social and cognitive factors, and treatment of the
inertial term, with many citing both factors as problem dependant. Nevertheless, the majority set
c1,2 as constant in the range [1, 2], to occasionally allow particles to "over-fly" the best particle
hyperparameters, and further explore the design space. The inertial term is often dynamically
reduced throughout the simulation, for example a linear reduction with respect to the iteration

CHAPTER 3. OPTIMISATION METHODOLOGY

63

number [63], although initial and final values again vary.
Particle Initialisation
Initialisation of the swarm is an important task that should not be overlooked. Poorly initialised
particles can lead to premature convergence, particularly in highly constrained or high dimensional problems. In any case, upper and lower boundaries of design variables are required, so
that intermediate values can be distributed to the population.
The simplest way to do this is by assigning variables randomly using a uniform distribution.
However, as noted by Richards and Ventura [64], this method fails to provide a consistent even
distribution across the entire design space. The approach they recommended to achieve this is
centroidal Voronoi tessellations. Here, the hyperspace is divided into nvar compartments, with
the goal to find the centroid of each. These centroids then become the initial particle positions.
Obtaining a precise centroid of each compartment in the hyperspace is computationally expensive, and since the goal is to produce a more evenly spread distribution, an approximation of
the centroid will suffice. Ju-Du-Gunzburger algorithm [65] achieves this by choosing a cloud
of random points and initial centroids. Points are then grouped based on which centroid they
are closest to, and the centroid is moved towards the average distance that the set of points lie
away from it. The random points are then re-initialised, and the process repeats until a stopping
criteria is met, such as maximum number of iterations.
Along with the Ju-Du-Gunzburger method, Latin hypercube sampling [66] has also been implemented for particle initialisation. This is a generalisation of the Latin square concept; where
samples must be selected from unique rows and columns, producing a set of uncorrelated points.
Extending this to arbitrary dimensions essentially requires each variable to be split into a number
of partitions n, equal to the number of sample points requested. The exact values to be selected
are then drawn randomly using a uniform distribution from each partition. This guarantees that
each sample will lie within a unique subspace of the overall design space, providing a large
spread of coverage in the initial population.
Neighbourhood Topology
The original PSO has a star topology, where every particle is driven by the overall best in the
population. Neighbourhood topology looks to replace this single globally dominant solution by
splitting swarms into sub-swarms, and replacing the global best with multiple local bests. The
local best topology is the antithesis of the star topology, with each particle linked to its nearest K
neighbours, where usually K = 2, resulting in a circle topology. In a neighbourhood, each particle cost function is compared with that of its neighbours, to define a local best. In this case there
as many neighbourhoods as there are particles, since no particle has the same two neighbours.
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These local bests are then used to define the velocities of their neighbouring particles, adding a
third term to (3.13):

vk+1 = ωvk + c1 r1 (pbk − xk ) + c2 r2 (pgk − xk ) + c3 r3 (plk − xk )

(3.14)

Note that the inclusion of a local term, pl , essentially replaces the original pg term, and thus its
weighting is equal to that of the cognitive term. The pg term remains in the equation, but only
with a small weighting, to provide some attraction to the best overall particle.
Defining an efficient neighbourhood topology allows multiple local bests to drive the optimisation, with interconnections ensuring diversity within each neighbourhood. Without this interconnectivity, neighbourhoods would essentially remain independent sub-swarms, converging to
multiple local optima.
Much work has been done in comparing these topologies, often with unconstrained mathematical benchmark problems. Kennedy and Mendes [67] recommended a von Neumann topology,
where neighbours were connected above, below, and on the side of a two-dimensional lattice.
Muñoz Zavala et al. [68] introduced a singly-linked ring (SLR) topology, which they showed to
be more efficient for the majority of tested problems than the von Neumann topology. A particle
k in the SLR has a minimum of neighbouring particles k − 2, k + 1, and can follow this neighbouring pattern to a maximum neighbourhood size of N = n p /2 − 1, where n p is the number of
particles in the entire population.
More recently, Liu et al. [69] tested 198 regular topologies with 9 different numbers of particles
across 90 benchmark functions. These topologies are built from graph theory, where n p nodes
are constructed and connected to r other nodes, where r is known as the degree. This creates
a structured topology (as does the SLR approach), that can be easily applied to dynamic neighbourhood techniques, unlike the von Neumann approach. This is an important property, as Lie
et al. note, since no specific topology outperforms all others, researchers tend towards using dynamic topologies. Furthermore, using a structured dynamic topology allows an understanding
to be drawn over why one may perform better or more consistently than the other [69].
Dynamic topologies come in various forms, such as Liang and Suganthan’s [70] small neighbourhood randomised approach. Here, neighbourhood sizes remain constant, but their residents
are reset randomly every n iterations. Mohais et al. [71] adopted the same approach, coining the
term neighbourhood re-structuring, while comparing it with random edge migration [72]; where
a neighbour is detached from a random neighbourhood and re-attached to another. In either
case, they reported an improved for the majority of test problems over non-random methods,
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Figure 3.1: PSO singly-linked ring topology [68]
including von Neumann. Other approaches involves dynamically altering the size of a neighbourhood, by increasing the number of neighbours up to n p until a new global best is found,
before returning to the initial neighbourhood size. This method acts as star topology when the
optimisation is stalling, and localised sub-swarms when improved values continue to be found.
Note also for this method that the pg term in equation (3.14) is removed, since during periods of
prolonged stall, pl = pg .
In the present work, a collection of these promising topologies has been implemented, allowing problem specific parameters to be chosen. Singly-linked ring (SLR), regular graph, and
randomised neighbourhoods can all be utilised in the framework, with options to re-initialise
the neighbourhoods every n iterations, and dynamically adjust the neighbourhood size based on
an improvement in the global best. The three neighbourhood building techniques chosen lend
themselves to simple implementation of a dynamic framework, in which increasing degree r
adds additional particles to the existing neighbourhood boundaries.
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Mutation
To further encourage diversity in the population, mutation operators found in evolutionary algorithm literature have been employed in the present work. Sierra and Coello Coello [60] recommended utilisation of these techniques in PSO algorithms, since they have been demonstrated to
work effectively in genetic algorithm applications [73]. Their approach has been implemented
here, and involves the swarm being split into three equal sized sets:
• Set 1 - No mutation applied
• Set 2 - Uniform mutation
• Set 3 - Non-uniform mutation
Note the term set has been used here instead of sub-swarm, since the mutation operators only
affect individual particles, not the communications between them. Set 1 acts as a regular PSO
algorithm, with design variables affected only by particle, local, and/or global best position
vectors. Set 2 seeks to explore the hyperspace further by utilising uniform mutation, which
completely discards the current design variable value, and assigns a random value within the
variables upper and lower bounds. Exploitation of the search space is achieved through nonuniform mutation in set 3, where the range of variability decreases over time. In this case, the
original design variable value can be highly mutated early in the optimisation (equivalent to the
uniform mutation operator), but only slightly perturbed towards the end.
The implementation of the uniform mutation operator is trivial and equivalent to that of a random
variable initialisation, however the non-uniform operator requires further explanation. Since the
original variable value is to be kept, a perturbation function is required that reduces with time
while remaining within variables boundaries. Assuming a design variable has been selected for
non-uniform mutation, this results in:

x + ∆(t, y), y = x − x , if a > 0.5
k
kU
k
m
xk =
x + ∆(t, y), y = x − x , otherwise
k
k
kL

(3.15)

Where m denotes the new mutated variable, xkU and xkL are the respective upper and lower
variable boundaries, a is a random number in the range [0, 1], and t is the pseudo-time iteration
counter. Function ∆(t, y) is then defined as follows:


b
1− Tt )
(
∆(t, y) = y 1 − r

(3.16)

Where r is another uniform random number in the range [0, 1], T is the maximum number of
iterations, and b defines the degree of non-uniformity [73].
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Table 3.1: Typical single-objective particle swarm optimisation parameters
Parameter
Value
Comments
np
120
Population size
c1
1.49
Cognitive factor
c2
1.49
Social factor (pl )
c3
0.1
Social factor (pg )
N
2 → np
Neighbours per particle
ωmin
0.1
Inertia boundaries
ωmax
0.8
niter
1000
Termination criteria
nstall
100
PM
min(1/nvar , 0.05) Probability of mutation
Both uniform and non-uniform mutation operators work on an individual design variable per
particle basis, not on an entire particle variable set at once. At each iteration, every design
variable within sets 2 and 3 are assigned a random number, and any value that falls below the
specified probability of mutation parameter PM , is mutated by the operator for that set. The value
of this parameter is intuitively set to 1/nvar , as in Bäck [74], with an upper limit set to ensure
small design spaces are not overly mutating.

3.3.3

Overall Architecture

Bringing all of the above together, a brief overview of the single-objective particle swarm optimiser (SOPSO) is presented. Optimisation parameters to be set are listed in table 3.1, along
with typical values.
Particles are first initialised through one of the methods discussed previously in this section,
with the default being Latin hypercube sampling. Sub-populations are then defined in terms of
neighbourhoods and applied mutation operator, with the latter remaining unchanged throughout
the optimisation. Each particle is then passed through the cost function to initialise the pb population.
With initialisation complete the optimisation then moves into the main loop. Since cost function
values have already been calculated, the first step is to select the pg and pl particles from the
pb population. Next, equation (3.14) is applied to update the particle velocity, which is then
bounded by a maximum, and added to the current population positions. This maximum velocity
is defined by half the distance between variable upper and lower boundaries, ensuring particles
are not rapidly changing in a single iteration. Mutation methods are then applied, and particle
variables are bounded with respect to their defined minimum/maximum values, with infringing
particles having their velocity set to zero.
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Now that particles have been updated and passed through mutation/bounding phases, they can
now be fed into the cost function to obtain new fitness values. Following this, particle bests are
updated if the particle has found a reduced cost function, and the pb population is then used to
update the pg particle.
If a new global best has been found, nstall is set to zero, and the inertial counter is increased.
Otherwise, pg remains the same, nstall is incremented, and the inertial counter is decreased. During periods of stall, particle inertia is decreased based on this counter, allowing a more global
search of the design space to be carried out. In a similar manner, neighbourhood populations are
increased, providing deeper interconnectivity within sub-swarms. Once a new global optimal
is found, particle inertia is iteratively reduced, while neighbourhoods are reset to the minimum
number of particles, resulting in a localised search.
The optimisation then reverts to the beginning of the main loop, and the process continues until
one of the two main termination criteria are met. The first of which being the typical maximum
number of iterations, niter , and the second is determined by nstall , which refers to the maximum
number of iterations that the optimisation will continue for without improving upon the pg .
Whichever of these numbers is exceeded first, the solution will be assumed to have converged
and the optimisation will terminate.

3.3.4

Extension to Multi-Objective

Without the need to obtain gradient information, population based techniques can be adapted
to directly handle multi-objective problems, whereas gradient based algorithms may prefer a
weighted sum approach. This is a key attribute in multi-disciplinary design, as often optimality cannot be determined by a single number, and disciplines may have their own optimisation
criteria, which is difficult to accurately weigh against that of another. The most common form
of handling multi-objective optimisations is through the use of Pareto dominance and optimality [75]. By treating cost functions independently, a diverse set of optimal results can be output,
allowing trade-offs to be visualised, along with commonalities between designs. The developed multi-objective optimiser is similar to that of OMOSPO [60], which was shown to be an
improvement over PSO and GA variants for a number of test functions.
Pareto Optimality
Pareto dominance occurs if all elements within a vector are less than or equal the corresponding
elements within another, and at least one of the elements is less than that of its counterpart. This
is shown below:
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(3.17)

ui < vi , for at least one value of i

If both vector and element conditions in equation (3.17) are satisfied, u will dominate v. In
terms of optimisation, both vectors represent n cost functions values, [ f1 , f2 , ..., fn ], in a given
multi-objective optimisation problem, deriving from a set of design variables within the design
space.
In a multi-objective optimisation, cost function vectors that are not dominated by any other lie
on the Pareto front, and will henceforth be referred to as non-dominated solutions. Note that
this front will change during an optimisation, as new solutions are found that dominate previous
Pareto front cost function vectors. Importantly, a distinction must be made between Pareto front
solutions and Pareto optimality.
A solution is said to be Pareto optimal if there are no other combination of variables within
the design space whose solution would dominate it. Since the global optimisation techniques
employed here are numerical, finding globally optimal solutions is not guaranteed, meaning that
output Pareto fronts cannot be considered Pareto optimal. This remains true regardless of population size, number of iterations, or any other convergence criteria.
Taking this idea a step further, single-objective problems have easily deduced convergence criteria, since only one optimal solution exists in a given iteration. Such optimisations can be
terminated if, for example, the cost function has not improved by a specified tolerance after a
certain number of iterations. Repeating these optimisations and obtaining the same result increases confidence that the global optimal has been found, but again this cannot be guaranteed.
On the other hand, multi-objective problems will have a collection of optimal solutions on the
Pareto front any given time during the optimisation, making determination of convergence criteria non-trivial. Presently, there are no reliable methods that can accurately quantify convergence
of multi-objective optimisations, meaning that such problems are usually run for as large a population size and set number of iterations that are feasible within the users access to computational
resources.
Particle Updating
In order to update particle and global best positions (pb , pg ) in a multi-objective framework,
some alterations are required from the single-objective method. Firstly, note that there is no
local term to consider, with particles being updated based on their own best position, and the
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best overall. Cost function vectors must be compared in terms of Pareto dominance when updating pb . Thus if the particle best is dominated by the new solution, it will be replaced. In
the opposite scenario pb of course remains the same. However, if neither dominates the other,
literature often suggests selecting one of the two particles at random to move forward as the
pb [57]. This unveils some potential problems in achieving a converged solution; particularly in
terms of non-dominated solutions being improperly handled throughout the optimisation.
Take for example a particle best that is already a non-dominated solution, and the particle finds a
solution that is not dominated by the pb at iteration i. The new solution may be a non-dominated
one, however this is often not the case. In fact the new solution may be dominated by various
other particles in the population, but not by its own pb that it is being compared to. Random
selection would give both solutions an equal chance of being selected as the particle best moving
forward.
Similarly, the particle best may be dominated by other members of the population, and the new
solution is a non-dominated one. However, if the new solution does not specifically dominate
its pb , it is down to chance whether or not it will be saved in memory.
With respect to the two stated potential scenarios, this could result in a) the non-dominated pb is
replaced by what is, by definition, an objectively worse solution, or b) a non-dominated solution
being discarded if the original pb is selected.
If scenario a) is not sought to be rectified, allowing non-dominated positions to be replaced in the
pb population by dominated ones, steps must be taken to ensure that all non-dominated solutions
are retained. A similar scenario also occurs when two non-dominated solutions are competing
for the pb , meaning that the newly found position could be discarded. Therefore, when determining non-dominated solutions from the current particle positions and their respective best
positions, they are placed into an external archive [76]. This ensures that all non-dominated
solutions found are kept, regardless of the pb updating procedure chosen.
Scenario b) is to be avoided at all costs, since non-dominated solutions can be missed entirely,
hindering the optimisers convergence. Advice is therefore taken from Deb et al. and Li [77, 78],
to combine the current particle positions with the particle best population, and determine nondominated solutions from a population of 2n p . Only after this is the pb population updated,
which also provides a solution to scenario a), since non-dominated particles have already been
identified and thus do not need to be retained in pb .
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Global Best
The selection of global best plays a pivotal role in the algorithms efficiency. Along with the best
position that a given particle has experienced in terms of cost function, the global best defines
which design variable sets that the swarm will tend towards during the current iteration.
Since optimality is now defined by a front of particles, rather than a single particle, steps must
be taken to distinguish the most promising members of the front. There are two main ways
to do this: number of particles dominated, and crowding distance. The former can be easily
computed when finding non-dominated particles by reversing the Pareto dominance comparison,
and counting how many particles are dominated by the Pareto particle. Crowding distance is
determining how close a non-dominated particle is to its neighbours on the Pareto front, based
on the normalised cost function values, denoted as fˆ. This is defined below in equation 3.18:
n

∑ fˆi, j−1 − fˆi, j+1

(3.18)

i=1

Where n is the number of cost functions, and j represents neighbouring particles in a sorted
array with respect to the non-dimensionalised cost function i.
Both of these methods can be used to select the pg particle, by ranking pb particles in terms of
dominance or crowding distance. Particles with the highest dominating rank are often the most
crowded, and selecting them as the global best can localise the search to a small section of the
Pareto front. On the other hand, selecting Pareto front particles with the lowest dominating rank
(those that lie on the extremities in each dimension), will by definition have infinite crowding
distance. Searching around these outer regions ensure the optimisation remains sufficiently diversified, but may lack the convergence characteristics of the former method. Thus in this work,
both approaches have been implemented, with either half of the population consistently selecting a high or low dominating global best throughout the optimisation.
In either case, the pg selection for a given iteration should not be defined purely by the particle
that dominates the most or least number of particles, or that which has the best crowding distance characteristics. Thus, proportionate fitness selection has been implemented, with the best
performing particles in the Pareto front having a higher chance of being selected. This probability for each particle to be select as the global best is defined as follows:

pk =

ndk
n

PF d
nj
∑ j=1

(3.19)

Where nd is the number of particles dominated, and nPF is the total number of particles in the
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Table 3.2: Typical multi-objective particle swarm optimisation parameters
Parameter
Value
np
120
c1
1.49
c2
1.49
ω
0.3
niter
1000
nPF
100
PM
min(1/nvar , 0.05)
Pareto front. Note that this method cannot be used when crowding distance is the deciding
fitness characteristic, since particles at extremities would have infinite values. Thus, number
of particles dominated is the default metric for global best selection, with crowding distance
utilised to limit the Pareto front population. Once again, this attempts to increase diversity
within the population, ensuring that all non-dominated particles have a chance to be selected as
the pg .

3.3.5

Overall Architecture

Much of the multi-objective particle swarm optimiser (MOPSO) process is akin to that of the
single-objective variant, whose architecture is described in section 3.3.3. To avoid covering
these details again, only the alterations required to allow multi-objective optimisations to be
carried out are discussed here. MOPSO parameters to be set are listed in table 3.2, along with
typical values.
Note the lack of stall counter and therefore a constantly defined particle inertia, ω. This is due to
the Pareto front and global best particle being ever changing throughout a given optimisation, requiring convergence to be defined primarily through number of iterations. Some research views
convergence across the entire Pareto front, by terminating the optimisation after a set number of
iterations have elapsed with the Pareto front maintaining it’s population. However, testing such
methods in this work has produced unreliable and inconsistent results, thus preferring maximum
number of iterations to define optimisation terminal criteria.
Particles are initialised in the same manner as SOPSO, and updating particle best positions
throughout the optimisation is similar, with the requirement of using Pareto dominance as described in section 3.3.4. Once particle bests are updated, they are combined with the archived
Pareto front population, to re-define the front and determine particle dominance characteristics
in the process. If the Pareto front population exceeds the user defined limit, crowding distance
is computed within the front, with the most crowded particles being annexed.
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Global bests are then selected using the sub-swarm technique discussed previously, using the
roulette wheel probability equation (3.19) to select Pareto front particles with both high and low
domination characteristics.
With individual best, Pareto front, and global best particles determined, particle positions can
be updated using equation (3.13) for the next iteration, with the loop beginning again from cost
function computation.

3.4

Constraint Handling

To this point, the described global algorithms are purely objective function based; attempting
to minimise cost functions within variable boundaries by any means necessary. As discussed
in local optimisation methods, this is not representative of real-world problems, and defining
optimality at all costs without realistic constraints will produce infeasible designs.
Here, particular attention is paid to the methods employed to deal with such constraints. These
methods must strike a fine balance between finding non-violating designs, and ensuring they
do not result in a premature convergence of the optimisation. Design spaces which are highly
constrained may only contain small areas of feasibility, and the prioritisation of constraints over
objective functions can lead to the first non-violating design having a profound impact on the
remainder of the optimisation. Over-reliance on this initial design will result in a deep search
of the surrounding area, potentially missing areas of feasibility, and therefore optimality, in the
remaining hyperspace.

3.4.1

Methods for Global Optimisers

Constraint handling is therefore the most crucial aspect of applying a heuristic algorithm to
a real-world problem. Evolutionary algorithms (EA) prove powerful tools when finding the
minimum in mathematical functions, constrained only by the upper and lower boundaries of
the design variables. Such functions are used predominantly as benchmarks to compare EAs,
through metrics such as final objective function values, or number of objective function evaluations to reach convergence. However, as mentioned in section 3.2.3, engineering applications
of optimisation must adhere to constraints placed on the design variables and metrics related to
the specific problem. In gradient-based frameworks, these constraints can be dealt with directly,
by computing their respective gradients, and employing an approach such as SQP to solve the
system of equations. In gradient-free optimisation, no such information is available, leading to
varying methods being developed for heuristic constraint handling.
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Generally in research, constraint handling in numerical optimisation is dealt with in two ways:
adding a penalty value based on constraint violations to the objective function, or utilising both
separately during the various selection processes. Variations of each method have been implemented in the present work, and will be described here. Since a single value is required from an
arbitrary number of violation functions, each function is defined as a non-dimensional inequality, scaled by a typical value. To ensure any single violation results in a positive overall value,
negative inequalities are set to zero before summation.
Penalty Methods
Adding to the objective function by a constraint derived value is more commonly known as
a penalty method. This transforms a constrained optimisation into an unconstrained one, by
combining cost and constraint into a single function:
f 0 (x) = f (x) + φ (g(x), h(x), R)

(3.20)

Where f 0 is the new function to be minimised, and φ is a violation function calculated from:
p

φ (g(x), h(x), R) =

m

∑ r j · max(0, g j (x))q + ∑ ck · hk (x)q

j=1

(3.21)

k=1

With r j and ck being positive penalty factor constants, q is a positive number, and the remaining
terms consistent with that of equation (3.10). Note that there are various ways of calculating φ ,
with one notable method equating it to the overall maximum constraint violation value, which
has been used extensively in engineering applications [79, 80]. Nonetheless, care must be taken
in how the constant penalty factors are chosen. As discussed by Runarsson and Yao [81], setting
values too small may result in infeasible solutions with low cost function values obtaining lower
φ values than feasible solutions. On the other hand, high values may increase the chance of
finding feasible solutions, but also increases the likelihood that they will be of poor quality. This
is due to the fact that even close to feasible solutions will receive drastically higher cost function
values than entirely feasible ones, meaning potentially feasible spaces will not be explored due
the "walling effect" surrounding them.
An extreme case of this effect is brought forward by the so called "death penalty" method. Here,
infeasible solutions are given the highest possible penalty value, or are discarded from the optimisation entirely. Since this adds significant noise to the resulting cost function, the death
penalty method should be avoided in the majority of circumstances. However, there are cases
where it is necessary to use such an extreme method, such as a variable set that results in an
error within the cost function.
Effectively managing these multiple constraints; ensuring one does not dominate the rest, or
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close to feasible solutions become hard to differentiate from entirely feasible ones, is clearly a
problem dependent, and indeed constraint dependant task [81]. In this work, advice is taken
from Arora [48] to scale constraints before passing them to the penalty function, removing the
need for individual penalty factors, and thus equation (3.21) becomes:
(
φ (g(x), h(x), R) = R

p

m
q

∑ max(0, ĝ j )

j=1

+∑

)
q
ĥk

(3.22)

k=1

Where R is a constant, ĝ j and ĥk are the normalised constraint values:
ĝ j =

g j (x)
hk (x)
− 1, ĥk = e − 1
e
gj
hk

(3.23)

With gej and hek being some expected value of the constraint. These values require the same
care in establishing as the penalty factors, but have a more physical interpretation. Maximum,
minimum, or averaged constraint boundary values can be used, as well as user specified expected
values. The constant R is assumed to be greater than zero, and serves as a single penalty factor
to ensure that infeasible cost function values (φ > 0), will always be greater than feasible ones.
The selection of this parameter will therefore depend on the magnitude of the largest feasible
cost function.
Adaptive Methods
In the penalty method, the resulting violation value must be scaled by a suitable magnitude so
as to ensure violating particles do not maintain low enough cost function values to be placed
on a Pareto front with non-violating particles. Correct implementation of such a method essentially results in a single-objective optimisation, regardless of the actual number of cost functions,
where the violation is sought to be minimised. Only once all constraints have been satisfied will
the optimisation begin searching for improved cost function values. In tightly constrained design spaces, this can easily lead to the optimisation being driven by the first non-violating design
that is found.
Utilising constraint functions independently to the objective function has been researched more
intensely in recent years, avoiding the induced noise and non-linearity that comes with combining them. Various methods have been explored for finding ideal solutions through separate cost
and constraint functions, with no one method standing out as superior over the rest. The most
promising of these techniques tend to employ adaptive parameters in one sense or another, and
two such methods that have been experimented with in the present work will be discussed here.
One technique that has received increased attention is the ε-constrained method, introduced by
Takahama and Sakai [82]. Here the constrained optimisation replaces the usual cost function
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comparison between solutions with an ε level comparison, which for ε > 0 takes the forms:

( f1 , φ1 ) ≤ε ( f2 , φ2 ) ⇔




f ≤ f2 ,

 1

if φ1 , φ2 ≤ ε

f1 ≤ f2 , if φ1 = φ2



φ < φ , otherwise
1
2

(3.24)

The value of ε therefore dictates whether f1 is an improvement over f2 based on the standard
cost function comparison, or by a comparison of constraint function values. Considering the extreme forms of ε, it can be seen that for ε = ∞, equation (3.24) is equivalent to an unconstrained
optimisation, whereas ε = 0 ensures the lower constraint violating solution is always chosen,
regardless of cost function value. The latter setting is equivalent to the penalty method, seeking
to minimise the violation function until a non-violating particle is found. However, treating the
two functions separately means that ε can be dynamically reduced throughout the optimisation.
This allows violating particles below the constraint tolerance to be selected and thus improved
upon in the early stages, improving diversity within the population.
Clearly then, the selection of ε is of prime importance, to ensure feasible solutions are found,
but are not suboptimal in nature due to infeasible solutions not being properly explored. The
value of ε is defined by the violation functions of the initial population, as shown in equation
(3.25), and is dynamically reduced until some final iteration t f , after which violating particles
are eliminated from the selection process and Pareto front [82]:

!
1 1 n
ε0 =
∑ φ j + min(φ )
2 n j=1

ε e(−βt) , if t ≤ t
0
f
εt =
0,
if t > t

(3.25)

(3.26)

f

Where β is given by introduced a user-specified final ε level value, at some time t f , after which
ε = 0:

β=

log(ε0 /ε f )
tf

(3.27)

The specification of t f and ε(t f ) is all that now must be discussed. In this work, t f is generally
set to T /2, allowing half of the simulation to search through infeasible values with decreasing
violation functions, and the latter half focussing solely in obtaining feasible outputs. In order to
avoid a sharp discontinuity when t passes through t f , the final ε level, before being set to zero
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for the remainder of the optimisation, is usually ε(t f ) ≤ 10−3 , depending on the nature of the
problem.
Adaptive methods are a clear improvement over penalty approaches, selecting particles based on
cost and violation functions independently, rather than a combination of the two which is dominated by the latter. Furthermore, the dynamic reduction of constraint tolerance enables violating
particles to be chosen in the various selection processes based on promising cost function values, promoting further design space regions to be searched for feasibility. Nonetheless penalty
approaches remain more popular in engineering applications, although this is most likely due to
its ease of implementation, rather than improvement in results over adaptive methods.

3.5

Verification

With large design space, highly constrained problems to be solved, it is of paramount importance that the optimiser has been implemented correctly. Furthermore, it must be capable of
consistently finding optimal solutions for such problems. Common mathematical optimisation
test functions, with known optimal values, have therefore been used to test the developed frameworks performance.

3.5.1

Unconstrained Single-Objective

As a starting point, the single-objective PSO is tested on unconstrained problems, where the
cost function has to be minimised without any additional requirements. This is the simplest
case, and acts as a first check to ensure the algorithm has been correctly implemented. In order
to provide a comparison, both the particle swarm and genetic algorithms from the MATLAB
Optimization Toolbox [83] have been used to optimise the same mathematical functions. This
initial verification is important, since the MATLAB PSO is not capable of handling constrained
problems, meaning they can only be compared for unconstrained design spaces. To ensure a
fair comparison, a number of runs were carried out with each of the three functions, with each
run number employing a consistent random seed value. This means that every run of a given
optimisation function is unique, but that the same order of random numbers is observed across
the three functions at the same run number. Further properties had to be set commonly among
the algorithms, as shown in table 3.1.
The mathematical problems to be optimised were the Rosenbrock [84], Rastrigin [85] and
Beale [86] functions, each with variable boundaries and optimal values shown in table 3.3.
These functions, the results in terms of best cost function value observed and number of iterations before convergence for MATLAB’s GA and PSO functions, along with the described
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Table 3.3: Single-objective unconstrained and constrained mathematical function properties
Function

Lower Bounds

Upper Bounds

f (xopt )

Rosenbrock
Beale
Rastrigin
Rosenbrock Constrained
Mishra’s Bird
Modified Townsend

[-100 -100]
[-4.5 -4.5]
[-5.12 -5.12]
[-1.5 -0.5]
[-10 -6.5]
[-2.25 -2.5]

[100 100]
[4.5 4.5]
[5.12 5.12]
[1.5 2.5]
[0 0]
[2.5 1.75]

0
0
0
0
-106.765
-2.024

single-linked ring PSO are shown in table 3.4.
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Figure 3.2: Mathematical test functions used for single-objective unconstrained optimisation
benchmarking
For every sample of the three mathematical functions, the SOPSO finds the global optimal,
giving it a 100% success rate for each function. The MATLAB PSO variant also performs very
well, achieving 100% success rate for both the Rastrigin and Beale functions. Only one sample
of the Rosenbrock function does not converge on the global optimal, although it is assumed with
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Table 3.4: Objective mean and standard deviation of optimisation methods across mathematical
test functions
Function
Beale
Rosenbrock
Rastrigin
Rosenbrock Constrained
Mishra’s Bird
Townsend

PSO
µ( f )
σ( f )
0
0
0
0
0
0
0.939
0.238
-106.765 4.709 × 10−14
-1.8671
0.1816

GA
µ( f )
σ( f )
1.300 × 10−10 2.956 × 10−10
1.664
10.607
0.0298
0.1706
0.739
0.440
-90.662
38.535
-2.020
0.0364

MPSO
µ( f )
σ( f )
0
0
1.124 × 10−20 1.124 × 10−19
0
0
N/A
N/A
N/A

an infinitely large sample that both PSO variants would perform similarly. The GA on the other
hand does not reach the global optimal for any sample number of the Rosenbrock function, with
some runs converging on local optima well above one. Performance is seen to improve for the
Rastrigin function, and again for the Beale problem. In both cases, the GA once again does not
reach the absolute global optimal for any sample, however the mean and variance of the resulting
cost functions are considerably lower in terms of order of magnitude. In terms of iterations to
achieve convergence, the SOPSO and MATLAB variant are relatively consistent, with the former
taking slightly longer. On the other hand, the genetic algorithm iteration count is highly varied,
with some samples prematurely converging, while others cannot converge before the maximum
number of iterations is reached. Clearly then, PSO methods are particularly suited to this type
of optimisation. Furthermore, direct comparison to an industry standard PSO variant verifies
the correct implementation of the SOPSO; which demonstrates slightly improved performance
in terms of objective function, with a small increase in required iterations.

3.5.2

Constrained Single-Objective

With the SOPSO performing well against an established variant, constraints can now be added to
the optimisation process, reducing the feasible design space and thus increasing problem complexity. As previously mentioned, the MATLAB PSO can only handle unconstrained problems,
meaning only comparisons between the SOPSO and MATLAB GA will be made going forward.
The chosen functions are a constrained variant of the Rosenbrock, in which the function is constrained to a cubic and line; Mishra’s bird function [87]; and a modified version of Townsend’s
function [88]. These functions provide a variety of complex constrained problems to be optimised, with properties once again shown in table 3.3, along with function visualisations in figure
3.3.
Results for both optimisation methods are again shown in table 3.4. For the Mishra’s bird problem, the SOPSO found the global optimal in all cases, while the GA only managed to do so in
82% of samples. The results are very different for the constrained Modified Townsend function
however, with the GA converging on the global optimal 98% of the time, while the PSO only did
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(b) Mishra’s Bird function [87]

(c) Townsend’s function [88]

Figure 3.3: Mathematical test functions used for single-objective constrained optimisation
benchmarking
so in 20% of cases. Both algorithms struggled with the constrained Rosenbrock variant, with
GA and PSO finding the global optimal in only 26% and 8% of cases respectively. Note however
that across all runs, the mean value of the PSO solutions is some 30% lower than that of the mean
GA solutions, showing that it avoids some of the higher cost function traps that the GA falls into.
These results are appear inconclusive, with neither algorithm performing consistently better than
the other. While this is not a particularly satisfying conclusion, it is one that has been widely
reported throughout research, showing that the choice of optimiser is problem dependent [56].
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Figure 3.4: Single-objective GA and PSO number of cost function calls comparison
However analysis of a further key metric, number of cost function calls, produces a clear incentive for employing the SOPSO algorithm over a GA within design optimisation work. Figure 3.4
illustrates this, with cost function count for the three constrained optimisation problems shown
for the GA, along with a PSO comparison. The cost function count for PSO algorithms scale
with population size and iterations only, thus remaining constant regardless of problem or sample. On the other hand, the GA cost function count is variable when constraints are involved,
and even in the most efficient case across the three problems, still calls the cost function over 10
times that of the PSO. This is not particularly problematic in the optimisation of mathematical
functions, since the time to complete a cost function call is negligible. For intense cost functions
however, which will be employed throughout this work, selecting an optimiser that increases
computational load by a factor of 10, without producing a significant gain in output results, is
clearly counter intuitive.

3.5.3

Multi-Objective

Having verified the effectiveness of the SOPSO against industry standard variants for a variety
of unconstrained and constrained mathematical functions, the same must be done for the developed multi-objective PSO. This is critical as the single and multi-objective algorithms employ
very different operations, meaning they must be verified separately. In multiple cost function
cases, the optimiser must be capable of finding an array of optimal solutions, defined on a tradeoff basis as a Pareto front. These cost functions remain independent, and thus finding solutions
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at the extremes of the front may be just as important as finding those at the Pareto midpoint.
Once more the developed optimiser, a constrained OMOPSO variant, is tested against a MATLAB Optimization Toolbox function; in this case the multi-objective genetic algorithm (MOGA).
The mathematical functions used to compare the two algorithms are the Fonseca-Fleming, Binh
and Korn, Osyczka and Kundu, and Constr-Ex problems. This set benchmark functions consist
of constrained and unconstrained optimisation problems, along with convex, concave, and discontinuous Pareto fronts.
Consistent with prior verification cases, each problem is run through the optimisation methods
for 100 samples, in order to highlight their consistency in finding global optima. The amalgamated Pareto fronts for both MOPSO and MOGA are shown in figure 3.5. Note that in all cases,
PSO Pareto fronts are plotted on top of GA results, since they are the most critical in this work.

(a) Fonseca-Fleming function

(c) Constr-Ex problem

(b) Binh and Korn function

(d) Osyczka and Kundu function

Figure 3.5: Multi-objective optimisation benchmarking Pareto front results
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Across both methods, the optimal Pareto fronts for cases (a)-(c) are consistently replicated,
demonstrating their applicability to both unconstrained (Fonseca-Fleming) and constrained multiobjective problems (Binh and Korn, Constr-Ex). Note that unlike the single-objective variant,
MATLAB’s multi-objective GA function count is consistent with that of MOPSO’s. Case (d),
Osyczka and Kundu’s function, illustrates a tougher problem, with both optimisers showing inconsistencies across samples. Interestingly, the particular discrepancies are not consistent across
methods, which may provide some key insights into their applicability to the optimisation problems within this research.
Taking a closer look at case (d), an analogous description would be that the PSO provides higher
accuracy in locating the true Pareto front, whereas on the rarer occasions that the GA shows high
accuracy, it also shows higher precision. For all 100 samples, MOPSO characterises the large
rate of change in f1 (x) portions of the Pareto front reliably, while struggling to precisely identify
analogous regions for f2 (x). Nonetheless, the optimiser’s ability to avoid locally optimal regions, and consistently characterise the overall Pareto front, demonstrates it’s practicality within
highly constrained, noisy optimisation problems. Conversely, a number of sub-optimal Pareto
front segments can be observed for the GA, some of which completely miss large regions of the
true front. The GA does show higher precision in representing the high rate of change f2 (x) regions, but this is only on the occasions in which it identifies the existence of such regions in the
first place. This can visualised around the f1 (x) ≈ −100 mark, where a number of sub-optimal
slices can be seen to rise in f2 (x), unable to reliably identify the true optima. The same behaviour
can be seen across the board, with levels of particles rising above and inside the true Pareto front.
While neither optimiser’s behaviour is ideal in the Osyczka and Kundu case, MOPSO demonstrates much more favourable characteristics in terms of design optimisation. Being able to
consistently determine the global front, avoiding local pitfalls, while lacking some precision
in finding absolute optima, is much preferred in MDO than large mischaracterisations of the
Pareto front itself. Some context is required to drive this point home, which has been discussed
previously in this chapter, but its importance validates its repetition here. This is that large,
exploratory design optimisations are not all-encompassing in terms of disciplines analysed, or
the level of analysis fidelity, and therefore should not seek to find absolute optima at the cost of
overall convergence. Focus on such designs is redundant, since the cost function, and therefore
Pareto front, will change with increasing fidelity of analysis, and thus improved representation
of real-world behaviour. It is much more efficient to ensure that the Pareto front is well-known
for the current level of analysis fidelity, without local or unreliable definitions of optimality, allowing close to optimal designs to be analysed at higher fidelity and across increasing number
of disciplines.
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Conclusions

Methods used for optimisation throughout this research have been defined in detail, from local single-objective to multi-objective heuristic techniques. The rationale behind these methods
have been discussed, along with their relative upsides and drawbacks for the optimisation problems tackled in this research.
Highly efficient local optimisation methods have been implemented, employing second-order
estimations to avoid a drastic increase in cost function calls. Constraints are tackled utilising
the well known SQP method, which allows feasibility to be determined alongside optimality.
Nonetheless, the relative pitfalls of gradient based techniques for global design optimisation
have been highlighted, along with general downfalls of assuming starting points without carrying out prior optimisation work.
To conduct the large design space, highly constrained optimisation problems in this research,
techniques that actively search the hyperspace in a given iteration are a necessity, if globally
optimal results are to be found. Particle swarm optimisation was selected due to its superior performance against other methods for continuous design spaces. Both single and multi-objective
variants were developed, employing a variety of techniques found throughout PSO and EA literature. These bespoke versions of a well-known heuristic optimiser promote diversity within
the overall process, attempting to maximise the probability of finding the various niches in both
feasibility and optimality within a given design space.
Constraint handling has been highlighted as one of the most important, and often overlooked,
attributes of a design optimisation approach. This concept of feasibility must be treated as importantly as optimality, in order to avoid poor convergence characteristics. This is intuitively
dealt with using gradients of constraint in local optimisation, but some ambiguity exists in how
they should be dealt with in gradient free, global methods. Two approaches have been implemented in the current work, the first combining cost and constraints values in a penalty approach,
with the second using an adaptive tolerance to allow independent treatment of cost and violation
functions. The latter method also allows a mixing of violating and non-violating designs to exist
on the Pareto front, providing increased scope for promising but violating areas of the design
space to be searched for regions of feasibility.
The developed optimisers have been verified in their implementation and general fitness for purpose, with comparison to industry standard genetic algorithms and particle swarm optimisers
across single-objective, multi-objective, unconstrained and constrained benchmark mathematical functions. This comprehensive bank of problems demonstrate the capability of the developed
algorithms in handling a versatile set of problems. Moreover, they consistently outperformed
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comparative optimisers in terms of finding global optima, reducing computational load, and correctly identifying Pareto fronts. The performance of both SOPSO and MOPSO algorithms lend
themselves to the large design space, noisy cost function space problems that are expected is
this research. With these optimisers validated, such problems can now be carried out.

Chapter 4
Low-Fidelity Global Aerofoil Optimisation
4.1

Introduction

Throughout this research, one of the most challenging problems has been the optimisation of
aerofoil sections. Aerofoils are one of the key components of a vehicles aerodynamic efficiency,
and thus a vast array of research has been carried out on their shape generation and optimisation. A number of generative methods have been implemented and compared in the current
framework. Regardless of the method employed, appropriate control over generated shapes is
required to ensure a feasible design is output. Prior research often applies these constraints on
the design space, reducing the variation of potential output shapes. However, for a truly global
design optimisation to be carried out, not only is a global optimiser required, but a global design
space is also a necessity. This may result in numerous regions of infeasibility within the design
space, but these should be characterised mathematically, rather than placing overly stringent
boundaries on the hyperspace. Furthermore, this characterisation should be computed through
continuous functions rather than a binary designation, to allow the optimiser to iteratively improve upon designs with poor and unwanted qualities.
With a number of shape generation methods available; the need for robust constraints in defining
a feasible aerofoil; and the potential for local minima to be seen as globally optimal due to the
inaccuracies of low-fidelity methods, a number of studies were carried out to provide insight and
higher quality global design optimisation results.
As a first step, the two primary methods for aerofoil generation are tested through a variety
of shape optimisations; where existing aerofoils are used a target to be matched as closely as
possible. Ensuring the design space is broad enough to create a variety of existing shapes is an
important step, and validates that globally optimal results can be produced from the framework.
Analysing and attempting to model these shapes also allowed robust geometric constraints to
developed, ensuring that the bank of existing, and therefore feasible aerofoils, are not seen as
86
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infeasible by the optimisation framework.
Large design space aerodynamic optimisations are then carried out, using low-fidelity analysis
methods. The design space boundaries, along with constraints derived from the shape optimisations are utilised in a performance driven optimisation. The optimisation framework as a whole
is first tested by attempting to improve upon a baseline aerofoil, using its geometric and performance properties to constrain the various designs produced throughout. This ensures that
comparisons are not made solely on the objective function, and resulting aerofoils maintain similar properties to that of the baseline. Following this, the baseline design and relevant constraints
are removed, and a further optimisation carried out, allowing a broader scope of designs to be
considered optimal.

4.2

Background

Aerofoil optimisation has been studied since the 1970s, with Hicks et al. [94] being the earliest adopters of such methods to aerofoil design. Despite such early application, aerofoil optimisation has remained popular since, showing the intricacies and challenged faced for a twodimensional problem. Aerofoils present a standardised case for aerodynamic design optimisation, and thus provide an excellent starting point when three-dimensional optimisation is the end
goal. Furthermore, the high degree of sensitivity between aerofoil shape and performance, a
key driver in the continuation of such research, allows the framework as a whole to be tested
for robustness. In order to achieve optimal, reliable results, the chosen optimisation, analysis,
geometry definition, and constraint methodologies need a considerable amount of attention, to
ensure that collectively, they provide enough information to properly distinguish optimality from
infeasibility.
These topics require discussion to understand the broad variety of research that has been carried
out over the years, and in particular the key merits and downfalls of the chosen methods. This
will be done in the proceeding section, leading to the justification of the decisions made for the
present research, along with detailed explanation of their implementation.

4.2.1

Optimisation and Analysis

Choice of analysis method is often driven by the choice of optimisation method, or vice versa,
since high-fidelity analysis does not scale well with number of cost functions required for convergence. Therefore, low-fidelity methods are often paired with global optimisation techniques,
whereas high-fidelity analysis usually requires gradient based methods. Moreover, trade-offs can
also be expected in terms of design space and global convergence, with low-fidelity approaches
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searching for the absolute minimum of a large design space, at the cost of analysis inaccuracies;
whereas high-fidelity frameworks employ a much more limited design space, often seeking to
improve upon an existing aerofoil.
A number of methods have been employed through the years to bridge the gap between accurate
analysis and optimisation scope, which is of particular interest in this research. While global,
exploratory design optimisations are the main focus, aerofoils provide an ideal opportunity to
experiment with more robust analysis methods, due to their two-dimensional nature and consistent non-dimensionalised chord. Furthermore, lessons learned from these 2D aerodynamic
optimisations can be carried forward to more complex 3D problems, which would otherwise
exacerbate the flaws found in aerofoil design spaces.
Multi-point Optimisation and Uncertainty
Drela [95] first reported on the shortcomings of aerofoil optimisation, pointing out the exploitation of flow properties at the smallest scale, requiring multi-point optimisation to be carried out.
It is suggested the number of points should be increased with the number of design variables,
and a solution involving a single-objective weighted sum approach is presented.
Padula and Li [96] discussed options for robust aerofoil design or optimisation under uncertainty,
again highlighting that traditional techniques have a tendancy to over-optimise in single-point
optimisations. This results in sub-optimal off-design characteristics, often poorer than that of
the baseline. Their solution invoked a robust multi-point optimisation, in which randomly perturbed Mach number points in the range 0.7 − 0.8 were utilised to form a linear subproblem that
minimises the objective function while only slightly altering the design variables. Furthermore,
a trust region is employed in an attempt to reduce the number of objective function calls.
Liang et al. [97] conducted robust multi-objective optimisation using the six-sigma approach
[98], where the original performance based objective function is recast based on the mean µ f
and variance σ 2f of the performance probability density function. In this approach, not only is
the sum of the mean and variance to be minimised, but they must also satisfy quality constraints,
specified by the user, at ±σ 2f . High lift and low drag cases were utilised as the design points,
with angle of attack and Mach number as the respective uncertain variables. Kriging models
were created in the range of these parameters, using Latin-hypercubes to create a DOE where
the number of samples for each case is equal to the square of the number of design variables.
Buckley et al. [80] tackled the multi-point optimisation problem again using a weighted sum
approach. They employed a weight automation technique, so that off-design criteria would be
met, but would not have an over-arching influence on the optimisation. Both unconstrained
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and constrained techniques were utilised and achieved similar results, with the latter boasting
an improvement in computational cost. A further notable aspect of this approach is that the
updating weights can clearly highlight the critical and redundant cases in a given optimisation
problem.
Constraint Management
Constraint management is by far the least reported of the topics discussed here, with many works
choosing to limit the design space rather than incorporate robust constraint methods to define
feasibility. The pitfalls of this approach has already been discussed in section 3.4, and therefore
will not be repeated here. In terms of aerofoil optimisation however, Arias-Montaño et al. [99]
reported similar findings, stating that simplistic approaches to constraint handling have often
been utilised, which often discard infeasible or constraint violating solutions entirely.
Martínez et al. [100] provide an example of improved constraint handling, utilising the adaptive
ε-constrained tolerance method described in section 3.4 for aerofoil aerodynamic optimisation.
This work adapted the original ε-constrained approach for multi-objective algorithms, which is
also employed in later chapters of the current research. Nonetheless, inspection of the optimisation problem shows a relatively limited application of such a versatile method. Performance
based constraints ensure improved aerodynamic efficiency over a reference aerofoil, but only a
single geometric constraint in terms of thickness to chord ratio points to a pre-constrained design
space; which is confirmed by upon inspection of the design variables employed.

4.2.2

Implemented Methods

In terms of the overall optimisation and analysis methods, the PSO algorithm has already been
selected in combination with low-fidelity aerodynamic methods, which is a necessary tradeoff in accuracy for a heuristic approach. Chapter 5 will explore efficient implementation of
high-fidelity analysis, using selective sampling to provide an overall improved view of true performance. This chapter focusses on employing methods to exploit a global design space with
low-fidelity analysis only.
With global optimiser and aerodynamic methods in place, the remaining issues to be addressed
from the above discussion is minimising design point over-optimisation, and employing suitable
constraints to ensure feasible designs are output from a large design space. The latter will be
discussed throughout the following sections, however it is again stressed that this research is
focussed on global design optimisation problems, which requires the implementation of both
global design spaces and global optimisation methods. In terms of over-optimisation, a sixsigma uncertainty quantification approach is used, similar to that of Liang et al. [97]. This
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replaces the purely performance based cost function with a statistical one, which takes into
account multiple flight states. The application of this approach will be discussed further in
section 4.5.3.

4.3

Aerofoil Generation

The method employed to generate or adapt aerofoil shapes is crucial if the design space is to be
thoroughly explored, considering the large effect that minor alterations in shape have on overall
aerodynamic efficiency. Initially, preloaded data files of existing aerofoils were chosen simply
by an integer variable. However, this is relatively inflexible and creates discontinuities in the
design space, leading to convergence issues and sub-optimal results. With a high level of sensitivity existing between designs and performance, an equal degree of control is required over
their shape, meaning the chosen geometry method should be capable of making small, continuous alterations to a given design. Increasing this level of fine tuning increases confidence in
the optimisation algorithms ability to find globally optimal shapes. Of course, this will also
increase the number of function evaluations required for convergence, but considering that the
wing design is of the utmost importance in terms of aerodynamic performance, this high degree
of control is not only desirable, but required in an exploratory design optimisation.
Various methods exist in literature for aerofoil shape generation, with varying success in terms
of control, versatility, and use of physical design variables. Methods such as Hicks and Henne’s
analytical bump functions, and free-form deformation are popular in aerodynamic shape [18,
101, 102]. However, in each of these cases, only gradient based optimisation is carried out,
due to the fact this method requires a starting point that is to be optimised. In this work, it is
imperative that the design variables used to optimise an aerofoil shape are constructive in nature,
rather than deformative [103]. Ultimately then, a method is required to create arbitrary aerofoils
from scratch, rather than relying on a basis or initial design. Considering this, along with the
aforementioned need for a high level of control over the design process, versatile constructive
methods must be implemented in order to search for globally optimal designs.

4.3.1

Bézier Techniques

Bézier spline methods are commonly utilised in aerodynamic shape generation [104, 105]. In
these techniques, a number of control points are specified in the desired plane, which define the
curve shape. This curve will pass through beginning and end points, while using a weighted
sum of all the control points to define any intermediate characteristics. Importantly then, intermediate control points are not passed through, and therefore no purely Bézier method allows
for direct control over the aerofoils physical properties, since control points affect the full curve
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shape, rather than acting as curve points themselves.
The versatile nature of Bézier curves allow for multiple aerofoil design approaches to be implemented, and thus experimentations have been carried out with both upper and lower surface
generation, as well as inferring these surfaces from Bézier generated camber curves and thickness distributions.
A Bézier curve of degree n is defined by n + 1 control points, with its mathematical form given
as:
n

[bn0 (t)]T = ∑ Bni (t)[bi ]T

(4.1)

i=0

Where bn0 (t) is a point on the curve, (x, y), for a given t ∈ [0 1]. bi is the position of the control
points, and Bni is the blending function used to generate the shape based on these control point
positions, realised through Bernstein polynomials:
Bni

 
n
=
(1 − t)n−it i
i

(4.2)

The implementation of these Bézier curves allows an arbitrary number of control points to be
defined. Initially, two curves were employed to create upper and lower splines, which define
the aerofoil surfaces directly. Since this method, or any purely Bézier method for that matter, is
not specific to aerofoils, one of the most important aspects is in controlling the curves to create
realistic aerofoil shapes. For this utilisation of the technique, some boundaries are required to
be set on the leading edge control points, to avoid sharp edges and ensure that surfaces merge
smoothly. Ideally however, considering that the leading edge radius is highly important in highspeed flows, it would be controlled directly.
A second approach was implemented however, in an attempt to define the aerofoil using more
representative quantities, where the two curves describe thickness and camber of the aerofoil.
In this case, the thickness distribution can be added equally in the normal direction at any given
point of the camber line to generate upper and lower surfaces. This results in greater control
over the leading edge radius, providing consistent radii on upper and lower surfaces. Both of the
Bézier methods are shown in figure 4.1.
Once again this method does not eliminate poor or infeasible characteristics, such as small or
negative thickness present across or at some point on the aerofoil. This is again due to the control points not physically representing curve points. For example, having thickness distribution
control points lying in negative z may result in negative thickness at some point over the aerofoil. One might be tempted to limit these z-coordinates to a positive minimum value in order
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(a) Direct Bézier

(b) Thickness camber Bézier

Figure 4.1: Bézier methods used for aerofoil generation

92

CHAPTER 4. LOW-FIDELITY GLOBAL AEROFOIL OPTIMISATION

93

to avoid this issue. However, this will limit the amount of local control over aerofoil thickness,
with such manipulation requiring large ∆z between consecutive control points. An example of
this is shown in 4.1b, where the negative thickness control point maintains relatively constant
thickness between 5-20% chord.
Thus, while imposing such a minimum would reduce the infeasible design space, it would also
reduce the feasible design space. In this research, a simple but key distinction is placed on the
ability of a given design space to obtain a globally optimal solution; that the feasible design
must be as broad as reasonably possible, using constraints to determine feasibility, as imposing
design variable boundaries to achieve this results in a design space that cannot be considered
global.
Validation of the Design Space
As previously mentioned, Bézier control points are not passed through by resulting curves, instead pulling on them like a gravitational force pulls passing objects. This lack of direct correlation between control points and physical aerofoil properties is not desirable, making design
space boundaries difficult to properly quantify.
Importantly then, a discussion is required with regards to controlling Bézier methods, to ensure
that undesirable traits, perhaps clear to an engineer but not captured in by the cost function or
generation method itself, do not present themselves as feasible or desirable. The Bézier method
is a powerful tool that can create an infinite number of potential solutions for a given set of
control point boundaries, many of which will be unsuitable for aerofoil design. Nonetheless,
particularly in a large design space optimisation, it is imperative not to over constrain these
boundaries, as potentially optimal solutions may be lost. In cases such as this, where optimisation variables do not directly define an easily measured characteristic (such as maximum aerofoil
thickness or leading edge radius), it is tempting to constrain the variables regardless, until satisfactory shapes are produced. While this may remove undesirable characteristics, it will most
likely remove many feasible designs also. Instead, characteristics should be quantified once the
aerofoil shape has been generated, and any undesirable traits penalised. This requires additional
function evaluations on these unwanted designs. However, computational power is generally
not limited in low-fidelity optimisations, making it a worthy trade-off to ensure that the broadest
possible design space can be fully explored.
In turn, this raises the issue of what constitutes a large enough design space, and how to determine whether or not a given set of design variable boundaries is over constrained. This is
discussed further in section 4.4, where target aerofoils are used to validate generative methods and design variable boundaries. Assuming a diverse enough set of pre-existing designs are
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Figure 4.2: PARSEC aerofoil generation method variable definition [106]
implemented, this approach provides a physical representation of the shape generation methods limitations, which can then easily be altered by varying the necessary optimisation variable
boundaries. To speed up convergence of future optimisations, this trial and error approach can
also be used to ensure that the design space is not unnecessarily large. In such cases, a reduction
of design variable boundaries may only reduce infeasible or undesirable designs, resulting in a
more efficient overall method.

4.3.2

PARSEC

Initially, Bézier curves were selected for the task of aerofoil generation alone. However, while
being a robust and versatile approach, there was something left to be desired in terms of their
design variables. Since no direct control can be had over the aerofoils physical properties, the
aerofoil specific method PARSEC [106], was also implemented to the overall framework. This
approach creates 6th order upper and lower polynomials based on geometric characteristics such
as maximum thickness, leading edge radius and trailing wedge angle. The full set of parameters
required in defining a PARSEC aerofoil are displayed in figure 4.2, with polynomials calculated
below:
6

1

z = ∑ ai x(i− 2 )

(4.3)

i=1

Where z is given vertical location of the curve at prescribed x coordinates. The coefficients ai ,
and therefore equation (4.3), are computed for both upper and lower surfaces as a result of solving the linear system of equations (4.4)-(4.5), which contain the various geometric parameters.
Upper surface coefficients are defined using:
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The lower coefficients are computed in a similar manner:
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Existing Aerofoil Shape Optimisation

The aerodynamics of any winged vehicle are highly sensitive to aerofoil shape, thus making
modelling of such geometries a highly important task. The implemented methods should provide a high degree of control over the aerofoil shape; ensuring that small changes in design
variables result in a small change in geometry. Kulfan [104] defined typical geometric wind
tunnel tolerances in comparisons between analytical and approximate aerofoils as follows:

4 × 10−4 , if x/c ≤ 0.2
|z f oil − zapprox | <
8 × 10−4 , otherwise

(4.6)

These tight tolerances of < 1mm highlight the level of control required in an aerofoil design
space. Thus, before implementing shape generation software into a performance driven optimisation framework, it is critical to demonstrate that the tools are capable of reproducing existing
shapes. If design spaces are incapable of producing such designs that perform well for the given
cost function, designs output from optimisations will most likely be suboptimal, since design
variable boundaries, and/or level of control of the shape generation tool, are suboptimal themselves.
Validation of the employed methods is carried out here, using a large database of aerofoils as
target shapes for the implemented design spaces to mimic. This presents a shape optimisation
in which the SOPSO method detailed in the preceding chapter can be employed. From an initial
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sampling of the design space, the difference in equation 4.6 at each discretised location of the
target aerofoil can be minimised. This allows generation techniques, and their respective design
space boundaries to be validated.

4.4.1

Target Aerofoils

To benchmark the employed generation methods, and ensure any constraints developed are relevant to the problem, a large library of existing aerofoil data was used within the framework. The
UIUC Airfoil Coordinates Database [107] provides over 1500 aerofoil geometry files, and can
therefore be viewed as a robust, diverse representation of such shapes. With a broad spectrum of
designs, the methods employed for aerofoil generation can be validated by attempting to match
these existing shapes as closely as possible.
Furthermore, variable boundaries, commonly defined arbitrarily or depending on early or unsatisfactory optimisation results, can be proven as fit for purpose. By using a single set of variable
boundaries to produce a large number of varying aerofoil shapes, an appropriately sized design
space can be found. If the optimal shapes consistently push on a variable boundary, its scope
should be extended, since improved designs potentially lie outwith. Similarly, if a boundary and
its surrounding area remains untouched throughout the library of target aerofoils, this area can
be seen as redundant. Although the design space should be able to produce a broad range of
shapes, an overly large space with redundant areas will only add to noise within the optimisation, leading to a reduced probability of convergence.
Another essential reason for analysing such a large bank of designs with the context of the framework, is to verify that any imposed constraints on the design space do not show existing designs
as suboptimal. Similar to variable boundaries that do not allow for certain existing shapes to
be made, constraints that show such shapes as violating will essentially discard them during the
optimisation. This will be discussed further in section 4.4.3.
To maximise confidence in the framework’s ability to consistently generate and constrain designs, it is important to utilise as much aerofoil data as possible. However, since the library
contains all types of aerofoils, many are not suitable for high-speed applications. Although the
majority of these aerofoils can still be recreated by the variables boundaries and constraints employed, any aerofoils that violated constraints specific to high-speed flight were discarded.
Aerofoils with greater than 20% thickness with respect to chord, along with those that had a
negligible leading edge radius on either the upper or lower surface, were discarded from the
library. Furthermore, some poorly defined aerofoils were also removed, since it would be unnecessary to replicate such noisy geometries. This leaves almost 1300 aerofoils to be matched
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by the various generation methods, which should allow for a robust comparison between their
performance and limitations.

4.4.2

Optimisation Problem

The bank of collated aerofoils provides a diverse population of target shapes for the Bézier and
PARSEC design spaces to recreate. Flexing these generative methods in such a way allows their
suitability to the potential problem spaces within the research scope to be determined, along
with any limitations or pitfalls. Target aerofoils have been chosen to demonstrate the versatility
of these methods, while also ensuring that there are a number of typical design characteristics
contained within dataset. In the context of high-speed applications, this means that supercritical
aerofoils are particularly present within the target library, while avoiding unnecessary shapes
such as overly thick aerofoils. A large number of typically low speed designs are also present
within the library, and have been included for two main reasons. The first is that such designs
contain desirable characteristics for aerofoil shapes in general, while containing others that are
sub-optimal for high-speed flight. Secondly, various RLV or HST concepts utilise aerofoils that
are not typical of high-speed designs, meaning diversity outwith these normal characteristics
should be encouraged.
Existing shape optimisation of this kind not only validates the use of the generative methods
employed, by ensuring common designs can be replicated, but also further demonstrates the capability of the chosen optimiser.
Each aerofoil is therefore to be match as closely as possible, by each generation method, in order
to provide an overall view of their comparative performance and limitations. The cost function
to be minimised is the root-mean-square error (RMSE) between the generated designs and the
target aerofoil, as shown below:

min
s.t.

v


u
u N
f oil
approx 2
t∑i=1 zi − zi
N

(4.7)

xlj ≤ x j ≤ xuj ; j = 1 : m

Where N indicates the total number of sample points where the aerofoils are compared, and m
is the number of design variables. Constraints are also implemented to aid in convergence of
the optimisation, however the development and validation of these require detailed discussion,
which will be given in the proceeding section.
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Constraints

As previously mentioned, handling of the aerofoil design space has been one of the most challenging problems faced in this research. Finding the correct balance to allow for a diverse set of
feasible, desirable aerofoils to be generated without over-constraining the design space is a far
from trivial task. While kinks and imperfections within these geometries can be easily spotted
by human eyes, it is often a challenge to find the correct constraint that will eradicate such behaviour, without limiting the design space elsewhere.
In order to derive constraints to be placed upon generated aerofoils, common properties within
nominal shapes must be found. Ensuring these commonalties define an aerofoils feasibility is
paramount, since without them the optimiser would seek to minimise the cost function without
any consideration given to properties such as leading edge radius or thickness. Once again the
UIUC library was utilised in order to determine such constraints, along with many trial optimisations in which the optimiser found new and interesting ways to take advantage of the growing
number of constraints.
These common properties that exist in the vast majority of aerofoils are as follows:
• Non-zero leading edge radius on both upper and lower surfaces
• Maximum thickness and maximum upper surface point away from leading and trailing
edges (typically between 10-70%)
• Minimum peak thickness to chord ratio (typically > 4%)
• Constantly increasing thickness up to maximum (dt/dx ≥ 0)
• Constantly decreasing thickness aft of maximum (dt/dx ≤ 0)
• Smooth upper surface up to maximum point (du2 /d 2 x ≤ 0)
Before attempting to recreate the various geometries found in the UIUC database, it is important
to validate the implemented constraints. If these target shapes are found to violate the constraints
placed upon the generative methods within the shape optimisation, the optimiser will not be able
to reproduce them, prioritising non-violating geometries instead. Therefore, any aerofoils that
do violate any one of the employed constraints must be removed from the library. On the other
hand, since these geometries are commonplace and have applications as lifting surfaces, they
should not violate any constraints that are not specific to the application of interest.
By passing the large library of existing aerofoils through these constraints, it allows those outwith the scope of the current work to be identified and removed, along with those that have
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been poorly defined. Furthermore, it allows constraints and their respective boundaries to be
validated, since existing shapes should be seen as non-violating by the optimiser. Aerofoils
removed from the library were therefore those with high thickness to chord ratio, sharp leading edge radius, and those with geometric imperfections that manifest through the described
constraints. Following the removal of these unsuitable aerofoils, over 1200 still remain in the
library for testing the implemented generation methods. This allows for comprehensive analysis
and comparison of the Bézier and PARSEC aerofoil techniques.

4.4.4

Design Space

The design space of each method is established here, which is used to provide upper and lower
variable boundaries within which the optimiser can exploit. Direct Bézier, Bézier thickness and
camber, and PARSEC design spaces are defined in table 4.1.
With Bézier curve techniques independent of aerofoil parameters, some restrictions are required
to produce closed aerofoil surfaces. While Bézier curves do not pass through intermediate control points, they begin and end on outer control points. Thus, to produce non-dimensional aerofoils, these are fixed at x = 0 and x = 1 respectively. Furthermore, initial control points are fixed
at z = 0, with final points given some flexibility in the z direction to allow modelling of finite
trailing edges. These constraints hold for each curve within both implemented Bézier methods.
The remaining control points are free to move in both dimensions. Four intermediate control
points are utilised in both methods, which are defined by half-cosine spacing in the x direction
for both minimum and maximum variable boundaries, to allow greater control at the leading
edge where maximum curvature is often present. Variation of control point height is then applied consistently depending on the method, as shown in table 4.1.
Although the potential height of these control points is considerably higher than applicable
aerofoils in the high-speed domain, it must be reiterated that high control points do not necessarily correspond to thick aerofoils, especially if they are surrounded by lower control points.
Maintaining such large variable boundaries, allows high disparity between neighbouring control
points, and thus nuanced control over specific regions of the aerofoil.
As for the PARSEC method, variables are based on physical aerofoil properties, such as leading
edge radius or curvature at the surface apex. This allows a more intuitive definition of minimum
and maximum variable boundaries.
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Table 4.1: Design space definition for Bézier and PARSEC aerofoil generation methods
Method
Bézier

Variable
xu,l
zu2−5
zl2−5

Bézier TC xt,c
zt2−5
zc2−5
PARSEC

4.4.5

rle
xu
zu
zxxu
xl
zl
zxxl
zte
∆zte
αte , deg
βte , deg

Minimum
iπ
1 − cos 2n

−

Maximum
1
n

iπ
1 − cos 2n

+

0
-0.2

0.2
0

As above
-0.05
-0.1

As above
0.2
0.2

0.001
0.05
0.005
-1.2
0.05
-0.1
0
-0.02
0
-25
3

0.1
0.8
0.2
0
0.8
-0.02
1.2
0.02
0.02
2
40

Comments
1
n

Half-cosine spacing from 0 to 1,
where n is number of free control
points (n = 4)
Non-dimensional, control points
fixed at extremities

Variables from figure 4.2

Results

Overall cost function results are shown in figure 4.3, depicting the RMSE of Béizer, Bézier
thickness camber, and PARSEC generation methods for each target aerofoil within the reduced
UIUC database. Mean and standard deviation for methods across all database aerofoils are also
shown in table 4.2. From this data, it is clear that both Bézier methods consistently outperform
the PARSEC technique, showing greater versatility in generating the various nuances present
within the library. This is interesting result, considering that the PARSEC method has been developed specifically for aerofoil generation.
Direct and thickness camber Bézier methods show promising performance, with RSME values
around the Kulfan tolerance specified in equation 4.6. The direct method appears slightly more
consistent than thickness camber approach, perhaps due to the higher correlation between variables and physical design. This is more prevalent in terms of cost function standard deviation
between aerofoils, with overall mean values relatively similar. Closer inspection of figure 4.3
show a couple of outlier cases where the thickness camber method struggles to drop below 10−2 ,
with direct Bézier consistently at 10−3 or lower. These results validate the use of both Bézier
methods in a global design optimisation context, simultaneously verifying the design variable

CHAPTER 4. LOW-FIDELITY GLOBAL AEROFOIL OPTIMISATION

101

Table 4.2: Mean and standard deviation of RMSE across UIUC database
Bézier
Mean 8.26 × 10−4
SD
8.19 × 10−4

Bézier TC

PARSEC

8.87 × 10−4
9.65 × 10−4

2.68 × 10−3
3.73 × 10−3

boundaries employed. Improved cost function values could be obtained by increasing the number of control points. Nonetheless, the 5th order curves employed here strike a good balance in
a design optimisation context between number of variables and degree of control.
The PARSEC approach shows a reduction in performance against the Bézier methods, in terms
of both mean and deviation. In a handful of circumstances PARSEC demonstrates minimal
RMSE, outperforming both Bézier implementations. However, a considerable number of aerofoils are poorly represented by the PARSEC method, highlighting its inefficiency in a global
context. Importantly, the PARSEC variable boundaries were repeatedly extended in an attempt
to replicate the performance of Bézier methods, with little improvement observed overall. This
highlights the downfall of attempting to utilising limited physical properties in a shape generation tool that requires intricate detail across the entire surface.
The PARSEC method appears a good option when well-behaved or a specific subset of designs
are preferred, since a number of such subsets can be directly enforced through the physicality
of design variables. However, there comes a point where trying to extend these boundaries
has the opposite of the desired effect; generating highly unsuitable polynomials for aerofoil
surfaces. Including variable sets that exhibit atypical aerofoil properties, such as minimum lower
surface point below 5% chord, will result in a number of poorly defined rear aerofoil surfaces,
since variables are concentrated near the leading edge. This increases the infeasible regions of
the design space, without adding the necessary control, resulting in a nosier design space with
minimal increase in versatility.

4.5

Aerodynamic Shape Optimisation

With the implemented aerofoil generation methods tested against diverse database of existing
aerofoils, the direct Bézier method was chosen for incorporation within a performance driven
optimisation context, as it demonstrated the highest level of control among the implemented
methods. Confidence in the results of these performance based optimisations will be increased
through a number of methods discussed in the proceeding sections. However, with the generative method, scope of design space, and geometric constraints already validated, it is clear that
any difficulties in convergence will be a result of the optimisation or analysis methods.
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Figure 4.3: RMSE cumulative histogram for implemented aerofoil generation methods compared to target aerofoils, shown on log scale
Aerodynamic aerofoil optimisation allows the developed modules in the previous chapters to be
combined for a simple two-dimensional case, as well as verifying their suitability to the problem, before moving on to more complex three-dimensional design spaces. It is important to note
that, although the design space and individual analysis of aerofoil is simple, global optimisation of aerofoils under any conditions is far from trivial. Aerodynamic performance is highly
sensitive to aerofoil characteristics, requiring the high degree of control provided by the generative methods. This control comes at cost however, drastically increasing the number of possible
aerofoil shapes, and in turn making convergence on globally optimal designs a difficult task.
Furthermore, a global design space requires implementation of robust constraints, as covered
previously.
Two optimisations are carried out: the first attempting to improve upon a baseline shape, with
strict geometric and performance based constraints ensuring a fair comparison; and an arbitrary
case, where the design space can be searched for the globally optimal aerofoil, subject to more
general constraints. The baseline case seeks to validate the usefulness of the overall framework;
by improving upon an existing shape, even with the strict constraints placed upon candidate
designs. Following this, an arbitrary optimisation can be carried out, allowing the optimiser
further freedom in finding ideal designs for the given problem.
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Design Space

The design space described in the section 4.4 has already been validated in its ability to recreate
a large bank of existing aerofoils. Therefore, the design space should not be restricted in any
way, so as to not invalidate these results.

4.5.2

Constraint Management

In a similar manner to the design space, the previous applied geometric constraints have been
implemented to ensure only feasible designs are output, and have been validated against the
aerofoils within the UIUC database. Unlike the rigidity applied to the design space however,
some of the geometric constraints are adapted to quickly remove candidate aerofoils unfit for
the application of high-speed flight.
Further constraints can be applied, particularly in the baseline cases, ensuring that output designs compare fairly. This is achieved through requiring physically properties to be maintained,
while avoiding sacrifice of performance characteristics in order to produce an improved objective function. The specific constraints employed are detailed in the proceeding sections, within
the overall optimisation problem definitions.

4.5.3

Analysis

Aerodynamic analysis is carried out in a similar manner to aerofoil validation in section 2.6,
with tangent-wedge being applied on impact surfaces, and Prandtl-Meyer in shadow regions.
Analysis is purely inviscid, with viscous results for two-dimensional shapes being low priority
for the present work.
To ensure the final design is not a result of over-optimisation on the chosen flight state, uncertainty is applied around the angle of attack, resulting in a statistical sigma cost function defined
in equation (4.8). This uncertainty is realised by analysing the aerofoil at an angle of attack half
a degree above and below the nominal case, and finding the resulting cost function mean and
variance.

min µ( f ) + nσ ( f )2

(4.8)

Where f is the cost function, and n is the sigma level used to weigh the influence of variance on
the new statistical cost function, set to n = 6 in line with similar works [97, 98].
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Baseline Driven Results

As an initial test, the framework is tasked with finding an optimal aerofoil shape within a large
design space, that is tightly constrained by various geometric and performance based metrics
provided by a baseline design. Importantly, it should be noted that the baseline shape itself is
not used as a starting point, with candidate designs being compared on constraint metrics alone.
The goal is to demonstrate that the optimisation framework is capable of consistently converging
on an improved design, from an arbitrary starting population.
The baseline aerofoil is the NACA66-206, which was used in validation of the overall aerodynamic model. The objective is to minimise drag coefficient at flow conditions previous defined
during aerodynamic validation (table 2.2), while maintaining key characteristics of the baseline
design. To ensure a fair comparison between candidate and baseline aerofoils, these characteristics are both geometric and performance based, and are outlined along with overall optimisation
problem in table 4.3.

Table 4.3: Baseline aerofoil optimisation problem definition
Comments
Minimise

CD

Subject to
Variable boundaries

xlb ≤ x ≤ xub

Baseline Constraints

CL ≥ CLbase

Defined in table 4.1

rle ≥ rlebase

Maintain baseline performance and
select geometric properties for fair
comparison

0.1 ≤ ctmax ≤ 0.7

Non-dimensional chord location of
maximum aerofoil thickness

t/c ≥ (t/c)base
A ≥ Abase

General Constraints

dt
dc t < tmax

≥0

Aerofoil thickness cannot decrease
up to maximum thickness

dt
dc t > tmax

≤0

Aerofoil thickness cannot increase
after maximum thickness








d2u
dx2 u < u
max

≤0

Upper surface curvature cannot increase up to apex

Being a single-objective optimisation, the SOPSO variant described in section 3.3.2 is utilised
here. To provide a comparison, the gradient based SQP method of section 3.2.3 is also employed.
Each optimiser is run multiple times for the same problem, allowing global convergence criteria
to be determined. As the SQP is a local, gradient based optimiser, the number of runs is ten
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times that of SOPSO, with the best among them being selected for comparison again the global
method.
Both optimisers pool from a set of initial designs determined from Latin hypercube sampling. In
the SOPSO method these make up the starting population, whereas the multi-point SQP method
uses one design per run as a starting point. The PSO is run 10 times, varying the random seed
generator at the beginning of each run to ensure each is unique. The SQP optimiser is therefore
run 100 times, with the best 10 performers selected for comparison with the PSO.
Defining optimality with the caveat of equal to or increased lift coefficient compared to that of
the baseline ensures that minimisation of the objective function does not hinder performance
elsewhere. Placing geometric constraints on leading edge radius, maximum thickness, and
cross-sectional area, requires the optimiser to find a genuinely improved shape, rather than one
which uses minimal area to achieve minimum drag, for example.
Figure 4.4 shows a direct comparison between SQP and SOPSO objective function, along with
the baseline. As noted, the SQP results displayed are the best 10% of all runs, whereas for the
PSO, only 10 optimisations were carried out in total. Figures 4.5 and 4.6 show the gradient and
population based results respectively. The overall optimal CD design found by each optimiser
is shown in comparison to the baseline in both figures, with shading to visualise the relative
variance in final designs over the course of different runs.

Figure 4.4: SOPSO and SQP objective function comparison with baseline
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Figure 4.5: SQP optimal design and variation of best 10 runs, compared with baseline shape,
shown in expanded view (top) and equal axes (bottom)
In all cases, the SOPSO algorithm outperforms the best overall objective function found from
by SQP, while also producing an improved design with respect to the baseline on each occasion.
In contrast, out of the 100 multi-point runs carried out by the SQP algorithm, only 2% of the
time does it find an improvement over the baseline case. Furthermore, the SOPSO results show
considerably improved convergence characteristics, with a standard deviation almost five times
smaller than the 10 most promising SQP cases. This is reinforced in figures 4.5 and 4.6, where
a large variation can be observed for SQP optimisation, compared to the PSO variance, which
can only be properly visualised in the expanded view.
In terms of the optimal designs themselves, they remain very similar to the baseline shape.
While this may seem intuitive, it demonstrates some key features about the optimisation process
and the original design itself. Importantly, it must be restated that the baseline shape is not used
as a starting point in either case; only geometric and performance characteristics are utilised,
to ensure candidate designs are reasonable comparisons. Thus, consistent reproduction of the
baseline shape shows that it is in fact a close to optimal design for the given problem. Unsur-
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Figure 4.6: SOPSO optimal design and variation across all runs, compared with baseline shape,
shown in expanded view (top) and equal axes (bottom)
prisingly, the best candidate shapes exhibit geometric properties that lie close to the baseline
boundaries: tending towards minimal thickness, cross-sectional area, and leading edge radius.
These characteristics would hold for any drag minimisation problem however, with a large variety of potential aerofoil designs meeting this criteria. Clearly then, performance constraints
requiring candidate designs to at least maintain lift coefficient of the baseline have a large influence, driving the optimiser towards the original design.
Observing the optimal overall design in figure 4.6, the main difference that produces a reduction
in drag over the baseline case is the shift in area towards the trailing edge. This is clearly seen in
the expanded view, with thinner upper and lower surfaces between 10-40% chord, which is then
accounted for at 70-100%. This shift also results in the maximum thickness location moving
further aft, by approximately 5-10%.
These results present a promising validation of the SOPSO method, which has shown to be
capable of consistently finding improved designs versus a baseline case that imposes stringent
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constraints on the overall design space. Finding these small feasible and optimal areas of the
design space is a challenging task, demonstrated by the SQP algorithm, which only found an
improved design in 2% of runs. The next step is to test the optimisers within a design space that
is not constrained by a baseline shape; resulting in a much larger feasible space, which could
potentially have a large impact on convergence characteristics.

4.5.5

Global Results

Following the optimisers success in repeatedly converging on improved shapes compared to the
baseline case, a more open ended optimisation was carried out, allowing a broader spectrum
of shapes to be considered optimal. This logical next step allows the optimiser to search for
globally optimal shapes, without the need to maintain geometric or performance characteristics
of a pre-existing design.
Once again the repeatability of this arbitrary case is of particular interest. With relaxed constraints and therefore a larger region of feasible design space, it is reasonable to assume that
convergence characteristics of the optimiser will be reduced compared to the baseline case.
Conversely, consistent convergence towards similar final designs provides increased confidence
that the globally optimal shape has been found.
In the absence of baseline lifting characteristics for candidate designs to maintain or improve
upon, the objective function was changed from minimisation of drag coefficient, to maximisation of aerodynamic efficiency, CL /CD . This should ensure that optimal designs exhibit low drag
and high lift characteristics. Furthermore, an even wider spectrum of shapes can compete for
optimality, since higher lift values allow for increased drag, unlike the baseline case.
Other than the change in objective function, the optimisation problem is almost identical to that
of table 4.3. Further differences arise from the removal of baseline performance constraints, with
baseline geometric constraints being replaced generalised boundary values. These replacement
constraint values ensure feasible thickness and area characteristics are present within optimal
designs. To determine appropriate values for these constraints, the UIUC aerofoil database was
once again employed. By aggregating thickness and area properties for all aerofoils within the
database, reasonable constraint values were chosen.
Again it is important to note that design space and remaining general constraints remain consistent to the original validation in section 4.4, maintaining the validity of the framework to
accurately replicate all existing shapes within the reduced UIUC database.
Once more, 10 runs are carried out using SOPSO, with the best 10 runs selected from 100 total
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Figure 4.7: SOPSO and SQP objective function comparison

Figure 4.8: SQP optimal design and variation of best 10 runs, shown in expanded view (top) and
equal axes (bottom)
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Figure 4.9: SOPSO optimal design and variation of all runs, shown in expanded view (top) and
equal axes (bottom)
SQP runs. Comparative results are shown in figure 4.7, with overall best and variance between
runs for SQP and SOPSO shown in figures 4.8 and 4.9 respectively.
As in the baseline case, the SOPSO algorithm outperforms the best SQP run on every occasion,
consistently finding an improved aerodynamic efficiency. Interestingly, variation in the objective function is around the same for both optimisers, despite the drastically increased variation in
SQP designs compared to SOPSO. This can be explained by a noisier objective function space
when utilising aerodynamic efficiency, allowing multiple unique designs to appear close to optimal. Importantly then, despite only a small improvement in objective function, SOPSO results
once again show convergence towards a similar design. This demonstrates the optimisers ability to cut through the noise present in the objective function; consistently discerning the global
optimal from a spread of nearby local optima with similar objective values.
The resulting designs are also similar to the baseline case, providing further confirmation that
the baseline design is close to optimal for the given problem. Shifting area aft once again
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allows thin, almost wedge like frontal areas, with minimal curvature except for the leading edges.
Unsurprisingly, a loosening in leading edge radius requirements results in reduced thickness and
therefore area here also, with maximum thickness shifted even further aft than in the baseline
case. Upper leading edge radius remains relatively high however, allowing this flat upper surface
to extend towards maximum thickness. This is due to the Prandtl-Meyer expansion fans used to
analyse shadow surfaces, which relieve surface pressure as turning angle increases. Reducing
the upper surface pressure so quickly gives a reduction in overall downforce, increasing lift
generation at the given angle of attack.

4.6

Conclusions

On the surface, aerofoil optimisation appears to be a simple aerodynamic problem. However, the
research that continues to be published on the subject demonstrates the highly nuanced nature of
these two dimensional surfaces. This work sought to produce optimal aerofoil designs from an
arbitrary starting point, using population based optimisation techniques and robust constraints.
The key starting point to carry out this work was determining which method should be employed
to generate these shapes. A number of methods were therefore implemented, and tested for their
ability to replicate pre-existing aerofoil designs from a large database. This study validated the
use of Bézier methods and their implemented design spaces, for use in a global aerodynamic
optimisation problem.
One of the most under reported components within research of this nature is the characterisation of infeasible designs, which often result in overly restricted design spaces; the results from
which cannot be considered globally optimal. This work imposes a number of constraints that
define feasibility, which have once again been derived in conjunction with the aforementioned
aerofoil database. This allows a large, continuous design space comprised of feasible and infeasible regions to be implemented, defining optimality as a two variable problem encompassing
sum of constraints and cost function minimisation.
Two optimisation problems have been carried out between particle swarm and gradient based
optimisers. The first looked at a highly constrained design space based on a close to optimal
baseline configuration, with the second allowing a wider scope of designs to be considered optimal, using only generalised constraints to allow for full exploration of the design space. The
baseline case showed the developed framework’s applicability to typical design iteration optimisation, with appropriate constraints driving the optimiser toward an improved but similar design.
An important distinction is made between this approach and local optimisation techniques which
use the baseline design as a starting point. That is the latter method provides little scope to vali-
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date the original design, merely improve upon it. The former however, is only guided by baseline
constraints, not the design itself. Here, the optimiser is able to find radically different designs
that satisfy the geometric and performance characteristics of the baseline, and therefore, consistent convergence towards a similar shape shows that the initial design is in fact close to optimal
for the given problem.
The second optimisation problem removed the baseline design and looked to optimise from an
arbitrary starting point. Here, aerodynamic efficiency was to be maximised, since there was no
baseline lift coefficient to maintain. A generalised minimum area, peak thickness, and leading
edge radius were derived for existing aerofoil shapes, with baseline independent constraints imposed as in the previous case.
In both cases, the SOPSO method was a clear improvement over the multi-point SQP approach,
with all 10 runs producing improved objective function values over any of the 100 final SQP
designs. Furthermore, very little variation in both cost function and design shape was observed
across SOPSO runs, showing consistent tendency towards globally optimal results in both highly
constrained design spaces and large variance, low objective function spaces.
These results demonstrate the SOPSO algorithms fitness for purpose within this research scope,
with repeatable convergence characteristics over a number of optimisations. One aspect of this
work that has already been discussed as a limitation is the analysis methods employed; being
of low-fidelity and therefore not providing a full picture of high-speed flow physics. With the
optimiser validated for single fidelity analysis, one interesting avenue that can also be explored,
and continues to be a popular topic in aerospace research, is the employment of a second, higher
fidelity analysis method. Aerofoil optimisation such approaches to be implemented with relative ease in comparison to more complex 3D geometries, and has therefore been utilised in the
current research.

Chapter 5
Multi-Fidelity Global Aerofoil
Optimisation
5.1

Introduction

While low-fidelity optimisation allows for an effective large design space exploration, the resulting optimal solutions may appear sub-optimal with increasing fidelity. Since any optimisation
method will exploit any flaws in an ill-constrained design space, the same can be said for a
model which does not properly capture the relevant physics. Meaningful results can be drawn
from low-fidelity optimisations at the early phases of design, however efficient and reliable implementation of higher fidelity methods can only improve the quality of results.
Even in an idyllic situation with an abundance of computational resources, CFD packages cannot
be applied arbitrarily to any problem. This is due to convergence criteria being highly sensitive
to the geometry and flow domain meshing. Automated meshing is a continually researched
field, with even relatively simple geometries still requiring iterative mesh convergence regimes
to be carried out by engineers on a case by case basis. Thus, their inception into a large design
space, exploratory optimisation search is far beyond the capabilities of the current state-of-theart. On the other hand, if the geometry can be reasonably maintained; either by limiting the
design space or somehow ensuring that poorly behaved geometries are not passed over to the
high-fidelity solver, then multi-fidelity techniques can improve results substantially. The vast
majority of research focusses on a limited design space, often utilising deformative methods on
an existing aerofoil to be optimised [80, 108]. Recent research by He et al. [109] is an exception to this however, demonstrating almost identical optimised shapes from starting points of
random aerofoils as well as that of a circle. Similarly, this research looks to produce optimal
designs from a large design space, although through generative methods and no starting point,
with poor designs being quantified as such through robust constraints.
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Aerofoil sections provide ample opportunity to demonstrate the effectiveness of multi-fidelity
techniques in an exploratory design optimisation, since sections can be non-dimensionalised to
a constant chord, forming some consistency between designs. Nevertheless, when allowed to
explore large design space, aerofoil generation methods can produce poorly behaved, or completely infeasible shapes, such as intersecting upper and lower surfaces. Thus, ensuring only
well behaved designs are passed to the CFD solver is of paramount importance, and techniques
must be employed to ensure reliable results can be drawn from the highly mesh dependent highfidelity model. Further methods must be put in place to limit the overall number of designs
being analysed by the CFD solver, due to the drastic increase in time taken to complete a single
function call compared to the low-fidelity model. Since the heuristic optimisation methods used
will make upwards of 104 function calls in a given run, high-fidelity calls must be utilised as
efficiently as possible.
A Gaussian based surrogate model is employed to achieve this, allowing predictions to be made
of the high-fidelity cost function using samples exclusively from non-violating subspaces, significantly reducing the computational power required. To ensure that only non-violating geometries are analysed, along with efficient usage of a computationally heavy analysis method, a two
step design of experiments (DOE) approach is employed, resulting in the surrogate model being
built from the error between low and high-fidelity cost functions. This allows the optimiser to
run primarily in low-fidelity mode, while predicting the error with respect to high-fidelity analysis. To ensure the model is producing accurate results, high-fidelity cost function calls are made
selectively throughout the optimisation, and the surrogate model re-fit based on the updated data.
This will be discussed further in section 5.3.1.
In a similar manner to the low-fidelity optimisations discussed previously, multi-fidelity baseline and arbitrary optimisations are carried out. Discussion of the high-fidelity analysis methods
employed, and their autonomous implementation within the optimisation framework will be provided. Furthermore, the method used to create an initial design of experiments and surrogate
model will be introduced, along with a discussion surrounding the selection of high-fidelity cost
function calls during an optimisation, and how the surrogate model is updated to reflect this
additional data.
The overall goal is to have optimality defined entirely by high-fidelity analysis, with low-fidelity
methods and surrogate model working in tandem to select suitable candidates for such analysis.
To provide a direct comparison, the optimisation problems remain identical to the single-fidelity
baseline and arbitrary cases carried out in sections 4.5.4 and 4.5.5.
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Figure 5.1: Low-fidelity optimisation results analysed at high-fidelity with baseline comparison

5.1.1

Motivation

To provide some context, the optimal aerofoils found in the low-fidelity baseline optimisations
(section 4.5.4), were analysed using a high-fidelity solver, along with the baseline design itself.
The resulting high-fidelity cost function results are shown in figure 5.1.
These results paint a very different picture to those in chapter 4 (figure 4.4), which showed a
consistent improvement over the baseline in terms of drag coefficient. Using high-fidelity CFD
analysis, the inverse is in fact true, with inaccuracies from the low-fidelity solver producing misleading results. Clearly then, improvements over the baseline case can only be considered true if
they have been validated by high-fidelity analysis. Referring again to the optimal aerofoils and
respective cost function values in section 4.5.4, the high convergence characteristics across runs
increases confidence that the region of global optimality has been found, in terms of low-fidelity
analysis. Thus, it would be counterproductive to continue conducting high-fidelity analysis after
a low-fidelity optimisation has been carried out, since it will continue to tend towards this region
of inaccuracy. Instead, high-fidelity analysis must be incorporated within the optimisation process, so that these inaccuracies can be quantified, and the optimiser can shift it’s focus towards
more promising regions of the design space.
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High-fidelity Analysis

The Stanford University open-source SU2 code was selected to conduct CFD analysis within
the optimisation process, due to its demonstrated capability in the supersonic domain, and implementation that lends itself to automated use in frameworks such as this [110].
Nonetheless, incorporation of CFD analysis within a global optimisation context is a difficult
task, requiring automated meshing between dissimilar shapes. Steps are therefore taken to only
allow well-behaved geometries to be analysed, which will be discussed further in section 5.3.1.
Even with such checks in place, a wide variety of aerofoil sections can still be selected for highfidelity analysis, necessitating robust grid generation. The open-source meshing tool GMSH
has therefore been chosen for this task, which provides robust automatic mesh generation tools
given overall flow domain geometry and target length scales at both body and boundaries.
The interfaces created to enable autonomous mesh generation and CFD analysis will be detailed,
providing typical settings and key parameters that allow their unsupervised use both in the design
of experiments phase and during a multi-fidelity optimisation.

5.2.1

GMSH Interface

GMSH is an open-source finite element mesh generation tool [111], capable of producing detailed geometry surfaces and flow domains from a small number of user provided parameters. A
simple input script, containing known points and the desired mesh refinement at each location,
along with utilisation of user-friendly GMSH functions to turn points into closed surfaces, and
specification of the meshing techniques to be employed, makes GMSH a powerful and reliable
tool to be incorporated in multi-fidelity analysis.
Two sets of points must be transferred to the GMSH input file for the current problem; providing sufficient detail to fully characterise aerofoil geometry and flow domain. Each input point
requires four parameters to be defined: x, y, z spacial coordinates, and a characteristic length,
which determines the level of discretisation desired when connecting points into a single surface. GMSH then utilises line, spline, and arc functionalities to create and close these surfaces
independently, leaving the space between surface and boundary, otherwise known as the flow
domain, to be defined. A number of different meshing algorithms can be employed to achieve
this. Importantly however, it should be noted that the previously defined characteristic length at
each surface point plays a large role at the meshing phase, since the 2D flow domain mesh must
conform to the already generated 1D surface mesh. This is of course the requirements of any
CFD solver, demanding accurate surface geometry which in turn defines the level of discretisation of the flow domain close to the surface. While an accurate representation of the geometry
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to be analysed is imperative, the boundaries of the flow domain require much less attention.
These boundaries should theoretically be far enough away from the analysed geometry that the
flow remains at freestream conditions, unaffected by the geometries presence. Because of this,
and since the scale required should result in large, easily discretised geometries, a considerably higher characteristic length compared to that of the analysed geometry can be specified.
Nonetheless, care must be taken to avoid meshes that stretch too quickly away from the surface,
which will poorly characterise the flow surrounding the body.
With body and boundaries fully defined, along with respective characteristics lengths, the final
step is to mesh the intermediate flow domain region. This is usually a task that requires hands
on analysis of the generated meshes on a case by case basis. As this approach attempts to utilise
meshing and CFD tools autonomously, some simplifications and handling of poorly geometries
or output analysis must be implemented. These will be discussed throughout the proceeding
sections, but in terms of meshing, the simplification that allows these methods to be carried
out autonomously is the lack of viscous analysis. The decision to analyse aerofoil sections in
terms of inviscid aerodynamics exclusively was discussed in section 4.5.3, citing little importance within the overall research scope. In terms of CFD analysis, accounting for viscous forces
requires the boundary layer surrounding the body to characterised in great detail. While this is a
relatively simple job for single cases, it would take a large effort to develop an algorithm capable
of consistently and autonomously capturing the boundary layer for arbitrary aerofoil shapes.
Producing a robust and consistent flow domain across a variety of potential shapes without
the need to capture the boundary layer presents a much simpler problem, relying primarily on
the characteristic lengths defined on the body and flow boundaries. From here, the meshing
algorithms of GMSH take over to define the flow domain. Many of the algorithms have been
experimented with, which led to an initial triangulation followed by the blossom recombination
algorithm to be chosen [112]. For the given problem, this results in an almost structured like
quadrilateral mesh, as shown in figure 5.2. Using this method, a grid independence study was
carried out, detailed in section 5.2.4, to ensure that accurate results could be drawn, and increase
confidence that such a method could be utilised autonomously within the overall optimisation
framework.

5.2.2

SU2 Interface

To carry out aerodynamic analysis on the GMSH generated meshes, the Stanford University
open-source CFD code SU2 [110] was employed. The development of SU2 has been intentionally modular, promoting ease of implementation, with one of the key goals being its application
to design optimisation.
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Interfacing within SU2 is therefore a relatively simple procedure, requiring only a few parameters to be altered from run to run, which allows multiple flight states and geometries to be
analysed with minor input modifications. With the mesh already defined from the GMSH interface, SU2 only requires freestream flow parameters and solver to be defined. The latter is a
constant Euler method, which is typically used for high-speed inviscid flows. Freestream flow
parameters are consistent with those used in low-fidelity analysis, which can simply be updated
within the SU2 input file between runs to represent different flight states.
SU2 outputs a log file of results with respect to number of iterations. The output parameters
are solver based, such as residual values and performance characteristics, eg. lift and drag
coefficients. The interface reads from the final iteration of this result file, and tabulates results in
a consistent manner to low-fidelity analysis. The solutions convergence criteria is also saved, as
some geometries or meshes may fail to converge for a given flight state. This will be discussed
further in the proceeding section.

5.2.3

Implementation to Overall Framework

During an optimisation, criteria defined in section 5.3 switch the optimiser from default lowfidelity mode to carry out high-fidelity analysis on an aerofoil within the population. A secondary cost function is invoked in which the aerofoil is passed to GMSH and SU2 respectively,
before outputting performance characteristics that can be directly compared to the low-fidelity
analysis.
Aerofoils are already defined from upper to lower trailing edge in a consistent manner for lowfidelity analysis, meaning they can be directly input into GMSH, which then passes a spline
through each point to fully define the surface. A bullet domain surrounds the aerofoil far-field.
This allows the body x-axis to be aligned with the x-axis of the flow domain, and angle of attack
modelled through a rotation of the freestream velocity vector, similar to that used in low-fidelity
analysis. This also allows the aerofoil to be analysed at multiple angle of attack values while
using a single mesh throughout. The flow domain size is driven by the bullet radius, rdom , in
which the aerofoil geometry lies at the centre. This semi-circle sits upstream of the aerofoil,
with downstream flow boundary set at rdom from the trailing edge, providing a large region for
the shed wake from the aerofoil to dissipate. The flow domain size with respect to 1m chord
aerofoil can be visualised in figure 5.2. Note that a single value for characteristic length is employed for flow domain, and aerofoil surface respectively.
Once generated, the mesh can be directly export from GMSH as a .su2 file, allowing direct usage
within the SU2 solver. The freestream flow parameters are then updated within a template aerofoil input script, after which analysis is carried out. Termination criteria is defined by a Cauchy
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Table 5.1: NACA66-206 domain size independence study (Lbody = 0.001m, Ldom = 0.1m)
rdom CL

CD

CM

Time, min

5c
10c

0.136307
0.136312

0.033465
0.033473

0.037227
0.037227

10
21

∆

0.0036%

0.023%

-0.0008%

110%

series on the drag coefficient, where a tolerance of 10−6 is applied across 100 iterations. If the
average change in drag coefficient is below this value over the specified number of iterations,
analysis will terminate. A secondary termination criteria is applied in the form of maximum
iterations, which is set to 2000. In this case, two further steps must be carried out, to ensure results properly interpreted. Firstly, instead of taking performance criteria from the final iteration,
they must be averaged over a set number of iterations, which is once again set to 100. Secondly,
residuals must be analysed in order to determine overall convergence. This is done in the form
of an additional optimisation constraint, in which output residuals must fall below 10−5 to be
considered accurate in the context of a design optimisation.

5.2.4

Grid Independence Study

Before employing the chosen grid generation and high-fidelity analysis methods within the optimisation framework, a grid independence study was carried out, once again using the NACA66206 aerofoil. The automation of GMSH based on a few key parameters allows a large variety
of meshes to be tested, which can then be compared against similar CFD analysis introduced in
section 2.6 [39]. Three parameters are varied in this study: characteristic lengths of both aerofoil
surface and flow domain, and radius defining the far-field size. With this being an inviscid Euler
study, and mesh optimisation already carried out by GMSH, no further parameters are required
to complete this study.
Domain Size
Firstly, the influence of far-field position was tested, using values of characteristic length that
were assumed to overestimate the required level of mesh fineness throughout the flow domain this hypothesis will be confirmed in the characteristic length independence study. The radius of
the upstream flow boundary was initially tested at 5c, allowing typical CFD standards to be met
downstream also (15c). This radius was then doubled to check for discrepancies between runs,
which if present would highlight that the 5c case was not capturing enough of the flow domain
to produce reliable results. Absolute force coefficients, along with percentage differences are
shown in table 5.1. The small change in coefficients across the two runs (<< 1%) confirm that
the 5c case models enough of the flow domain to extract meaningful results.
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Figure 5.3: NACA66-206 grid independence study shown in terms of absolute drag coefficient
(top left), percentage difference with respect to finest mesh (top right), and time to complete
analysis (bottom)
Characteristics Lengths
The flow domain radius was then held at 5c while characteristic lengths of aerofoil surface and
flow domain were independently varied. Five cases were tested for each parameter, resulting in
a grid of 25 total runs. Analysis began from the coarsest mesh (Lbody = 0.1m, Ldom = 1m), with
characteristic length being reduced in one of the two dimensions for each consecutive case, to
a maximum mesh fineness generated from Lbody = 0.001m, Ldom = 0.1m. Figure 5.3 shows the
resulting grid in terms of absolute and percentage difference drag coefficient, along with time to
complete analysis.
As expected, results have a considerably higher sensitivity to mesh characteristic length at the
aerofoil than that of the flow boundary. Absolute CD shows very little change with respect to
Ldom , with values converging for all Lbody ≤ 2.5 × 10−3 Nonetheless, at coarse body representation, effect of domain discretisation is shown in terms of drag coefficient percentage difference,
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with accuracy increasing by over 10% from coarse to fine. This demonstrates the need to avoid
overly stretching cells from aerofoil surface to domain boundary, in favour of a more consistent
overall discretisation. The convergence of drag coefficient at refined meshes also agrees with
the previously discussed CFD data produced by Giles and Marshall [39], providing further confirmation that the solver and mesh techniques are appropriate for the given problem.
Time to complete analysis is of course non-linear, with number of mesh cells being highly sensitive to increasing characteristic length scales. While the relative difference in time to complete
analysis is high, even the finest mesh can be analysed in a relatively short time compared to the
majority of external aerodynamic CFD applications. It is important to reiterate at this point that
the purpose of this grid independence study is not to find the combination of mesh generation
parameters that provide optimal computational efficiency, while maintaining high accuracy, for
this particular aerofoil. Instead, the goal is to employ mesh parameters that can create accurate
flow domains for the wide variety of aerofoils that may be passed to the high-fidelity optimiser.
Thus in this work, a high degree of conservatism must be employed when deciding mesh generation parameters, to maximise the likelihood of accurate, convergent results being output, regardless of the input aerofoil. Onus must therefore be placed on mesh quality and refinement, rather
than computational efficiency. This is necessary to ensure the optimisation is not misled by a
large amount of noise caused by poor convergence characteristics of the CFD solver. Furthermore, the selective nature of multi-fidelity methods may only require somewhere in the region of
100 high-fidelity cost function calls, including those required to build a design of experiments.
This appropriates the use of a conservative approach considering the overall computational cost
considerations, with highly refined meshes demanding relatively little time to converge with
respect to number of high-fidelity function calls in a given optimisation. Note that no amount
of conservativism could guarantee convergence for autonomous implementation with regards to
the current state-of-the-art, and many generated aerofoils within the design space would result in
the CFD solver diverging. Therefore, as will be discussed in section 5.3, geometric constraints
must not be violated in order to allow high-fidelity analysis of a candidate aerofoil.
From the data gathered across far-field size and characteristic length grid independence studies,
the chosen mesh generation parameters are: rdom = 5m, Lbody = 0.001m, and Ldom = 0.2m.
These parameters result in a mesh that is considerably more refined than necessary for the
NACA66-206 case, but have been chosen with the aforementioned degree of conservatism, to
increase the probability of convergence across the large aerofoil design space. Figure 5.4 shows
the flow field in terms of Mach number using this mesh, clearly showing the resolved detached
leading edge and attached trailing edge shockwaves. In the far field, the clarity of these waves
reduces due to the increased characteristic length used for the domain boundary. However, the
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Figure 5.4: Flow visualisation for M∞ = 2.5, showing Mach number across domain and over
aerofoil surface
grid independence study shows that this has little to no effect on the pressure forces, and so
further refinements of the far field were deemed an unnecessary computational expense.

5.3

Surrogate Modelling

Surrogate models attempt to predict the value of a function at a requested point through a number of pre-analysed data points. These data points represent true function values given a set of
inputs, which when combined can be used to estimate the function value given a set of inputs
that have not been parsed through the function. This is particularly helpful for functions that require a large amount of processing power to carry out a single analysis. Furthermore, many such
functions do not require all combinations of inputs to be analysed, but rather the most promising
areas to be found. This is the case in optimisation work, where inputs that result in poor cost
functions are discarded in favour sets with improved performance.
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Moreover, in terms of the previously described aerodynamic prediction methods, the difference
in time to conduct analysis between low-fidelity panel methods and high-fidelity CFD is multiple
orders of magnitude apart. With the large design space employed, which contains many undesirable aerofoil shapes; and population based optimisation methods, which analyse hundreds of
designs at multiple flight states per iteration, analysing each aerofoil with CFD software would
be an enormous waste of computational power. Thus, in order to conduct a global multi-fidelity
aerodynamic design optimisation, some form of surrogate model must be utilised to make predictions of the high-fidelity CFD analysis method.
This research employs Gaussian process regression (GPR) to achieve this, which is a generalisation of a Gaussian probability distribution function [113]. Here, a number of finite data points
allow predictions to be made anywhere within the function. Of course, being a Gaussian based
method, the accuracy of this process will be highly dependent on the number of data points,
and their proximity to, the set of input variables for which a prediction of the function has been
requested.
The primary reason for employing this method stems from the design space containing regions
of infeasibility, defined by the geometric constraints. Some surrogate models require a global
view of the search space in order to produce a prediction, however it would not only be unnecessary to analyse these infeasible regions, it would most likely result in a poor overall model.
The geometric constraints have been derived to speed up convergence of the algorithm towards
feasible designs, but in the case of CFD analysis, which is highly sensitive to mesh quality, they
also increase the probability of convergence.
The GPR implementation adopted here only allows non-violating geometries to be analysed by
the high-fidelity solver, focussing computational resources on areas of the design space that are
genuine areas of interest. Importantly, it must be clarified that this specific modification to the
GPR approach cannot result in feasible and high-performing areas of the design space to be
overlooked, since these geometric constraints are independent of aerodynamics and therefore
level of fidelity. Generally of course, no surrogate model guarantees that the global cost function minimum will be found, with results being highly dependent on the number and spread of
sample data points. Methods to increase the likelihood of finding optimal solutions are discussed
further in section 5.3.1.
Gaussian process regression is well established technique within machine learning, with a number of open-source and commercial algorithms available for use. MATLAB’s fitrgp function
[114] was therefore utilised in this research, allowing development efforts to be focussed on
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modules not readily available in the wider research community. Moreover, the underlying theory behind this method will not be covered here, with interested readers directed towards MATLAB’s toolbox [114], and the dedicated works of Rasmussen and Williams [113].

5.3.1

Design of Experiments

Before a multi-fidelity optimisation can be carried out, a surrogate model must already be in
place, to allow the high-fidelity cost function to be predicted throughout. To create this, an initial design of experiments (DOE) must be analysed. The variables used for this DOE, along
with output results, can then be regressed to produce a Gaussian model of the high-fidelity cost
function. As in population initialisation (section 3.3.2), selection of variable sets to be included
in the DOE requires careful consideration. In fact, this is even more crucial here, with a poorly
defined DOE causing inaccurate predictions, and potentially large regions of high performing
design space to be overlooked entirely. Extra steps are therefore taken in DOE creation, to ensure a diverse and feasible set of aerofoils are used to generate the surrogate model.
Advice is taken from Eldred & Dunlavy [115], and Rajnarayan [116], to conduct the design of
experiments across both fidelities, and build the surrogate model from the difference between
their resulting cost functions. Furthermore, additional surrogate models are produced in the
same manner for any performance based constraints, as these will also vary between low and
high-fidelity simulations.
Before selecting samples for high-fidelity analysis, a discussion is required around infeasible
regions of the design space (those that violate geometric constraints), and how to avoid their
implementation to the high-fidelity module. Such designs may have cost function values that
appear attractive to the low-fidelity solver, but their geometric properties make them unsuitable
for real-world application. To eradicate the potential of such designs being selected for a highfidelity simulation, constraints are separated into two subgroups: geometric and performance
based. Since the geometric constraints values are independent of analysis fidelity level, they
essentially provide an automatic determination of design feasibility. By only allowing designs
which fall below a specified geometric constraint tolerance to be analysed by the high-fidelity
solver, this is ensures that such computationally expensive simulations are focussed on close
to feasible designs. Furthermore, the geometric constraints produce a higher probability of a
successful, converging CFD solution.
To create the surrogate model, an initial design of experiments must be carried out on the highfidelity solver. Typically in optimisation literature, this would be achieved directly via a similar
method to population initialisation (section 3.3.2), such as Latin hypercube sampling; which
would select a number of design points throughout the hyperspace. There is no set rule as to
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how many design points are required to build a surrogate model. However, undoubtedly the
number of samples should scale with number of design variables [97]. The resulting locations
would be implemented directly into high-fidelity analysis, and in turn used to create the surrogate model. In this case however, where the design space can produce infeasible designs, any
form of random sampling cannot be applied. Fortunately, geometries can be built and tested for
their validity in rapid fashion. Thus, an initial and considerably larger sampling than that required to create a multi-fidelity design of experiments is extracted from the design space, tested
for validity, and feasible solutions selected for high-fidelity analysis.
This essentially creates a two-layered design of experiments, where candidate aerofoils must
perform an initial feasibility check before selection. With the number of design variables from
low-fidelity optimisations set at nvar = 16, the number of designs within the initial DOE is limited to nDOE = 5n, resulting in 80 aerofoils to be analysed by both low and high-fidelity analysis
methods. Selecting 80 non-violating design points could result in an overly biased DOE, where
feasible portions of the design space are missed. To combat this, the number of initial feasibility
samples is order of magnitudes larger, resulting in n f eas >> nDOE , where n f eas is the total number of samples that do not violate any geometric constraints. Reducing the number of feasible
designs to nDOE then becomes a problem of maintaining diversity. While these designs could be
randomly sampled again, this does not minimise the risk of having feasible tranches within the
design space omitted from the DOE.
Instead, a crowding distance technique employed, similar to that used when Pareto fronts expand beyond their maximum allowable population, described in section 3.3.4. One key difference however, is that Pareto front crowding distance is computed from the cost function space,
whereas DOE samples are chosen through design space crowding distance. The reason for this
difference is clear: Pareto fronts are cost function based, whereas the DOE seeks to encapsulate
as much of the feasible design space as possible, before any high-fidelity cost function analysis
is conducted.
Even with such a large number of samples, the feasibility check requires such little computational power that reduction from thousands of designs to nDOE designs takes around a minute
on a single processor core. This is a highly efficient method of sampling the design space for
feasibility, and selecting a highly diverse set of samples for DOE analysis. With designs chosen,
low and high-fidelity analysis is then conducted, producing a set of cost and performance based
constraints for each method. The delta between analyses, along with design variables, is what
creates the initial surrogate model.

CHAPTER 5. MULTI-FIDELITY GLOBAL AEROFOIL OPTIMISATION

5.3.2

127

Optimisation Usage & Dynamic Model Updating

The design of experiments is defined pre-optimisation, as is the resulting surrogate model. The
incorporation of such a model enables predictions of the high-fidelity cost function and performance constraints to be made based on design variables and low-fidelity results. The goal is to
have the optimisation driven by the highest fidelity analysis, and therefore at each iteration, a
prediction is made for each particle in the current population, defining the delta between low and
high-fidelity performance metrics. These delta values are then added to particle cost and constraint functions, allowing local best particles to be chosen based on a high-fidelity estimation.
In terms of global best, high-fidelity analysis should be conducted on candidate designs, rather
than based purely on prediction. The DOE is not intended to be all-encompassing from the
outset, otherwise optimisation would not be required, and a simple query to the model giving
the most promising high-fidelity prediction would be all that is necessary. Instead, predictions
are made at every iteration for each particle in the population, with a perceived improvement in
the global best requiring validation through a high-fidelity cost function call. By carrying out
high-fidelity analysis on the predicted global best, this ensures that the optimisation is always
pointing towards the best observed design in the high-fidelity cost function space. Regardless of
whether this confirms or rejects the newly perceived global best, it provides an additional data
point for the surrogate model to predict the true cost function with increased accuracy. In fact,
this is particularly useful when a perceived global best is rejected after high-fidelity analysis,
highlighting an area of inaccuracy within the model.
If such inaccuracies are not rectified at the time of discovery, the optimisation will continue to
focus on the same areas of the design space, when in fact a change of direction is required.
Therefore, if the model prediction is not within a given tolerance of the true high-fidelity cost,
the surrogate model is re-fit. Accurate predictions are still included when the model is updated,
however only doing so when an inaccuracy is found allows a reduced number of fittings for
a given optimisation. This dynamic model updating guarantees that the surrogate will reflect
the current understanding between low and high-fidelity cost functions during the optimisation,
allowing the surrogate to gain further accuracy in areas of interest, and shifting or maintaining
focus on them as required.
These inaccuracies can also manifest in under predictions of high performance designs, due
to lack of surrounding design points within the DOE. The previous discussion deals with the
inverse scenario, since over predictions characterising non-optimal designs as optimal will be
analysed using the high-fidelity cost function, which then serves as a new data point within the
surrogate model. However, optimal designs that are under predicted may never be analysed using high-fidelity analysis in a given optimisation, since it appears sub-optimal to the surrogate.
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Figure 5.5: Single variable surrogate model illustration, with observations used to predict overall
function with confidence boundaries
This inevitably leads to a prematurely converging optimisation, with improved designs unable
to be selected for high-fidelity analysis due to lack of surrounding data points, and therefore
conservative or poor performance predictions.
To combat this, it is logical to not rely solely on the absolute prediction output by the surrogate, and utilising confidence intervals readily available from Gaussian processes. The lower
confidence boundaries, representing the potential best performance of each design, are tended
towards once the simulation begins to stall. In a similar fashion to the variable inertia discussed
in section 3.3.2, increasing the stall counter will slowly tend predicted costs towards the lower
confidence boundary. This allows areas of the design space that are under represented within the
surrogate model, and therefore wide confidence intervals, to be selected for analysis. Quantification of true performance from areas of poor prediction allows a deeper understanding of the
design space to be gained, and importantly, optimal designs to be characterised as such.
Figure 5.5 shows an illustrative surrogate model, predicting the true cost function from a selection of observations. The resulting predicted function is shown with confidence intervals, with
observed points bounding regions of uncertainty. As expected in a Gaussian process, confidence
in prediction decreases as distance away from the closest observation increases. Thus, adding
samples in these highly uncertain regions will result in a drastically improved model. Figure 5.5
also demonstrates the aforementioned problem of relying solely on the predicted cost, since in
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the models current form, the minimum point is over predicted. With a sample already taken at
the local minimum around x = 0.75, only areas with a lower prediction will be selected for as
new observations, unless the lower confidence boundary is incorporated. By tending towards
this boundary while the optimisation stalls, it ensures samples will be taken at poorly refined
areas, such as the minimum point in this illustration.
Note that the stall counter will continue to rise if a design which appears optimal due to low
predictive confidence, returns a true cost function value that is worse than the current global best.
In such cases, predicted cost values will continue to tend towards lower confidence boundaries.
This is the intended behaviour, resulting in frequent high-fidelity sampling during prolonged
periods of stall, until a new global best design is found.

5.4

Multi-Fidelity Optimisation

The optimisation problems described in sections 4.5.4 and 4.5.5 are recast here as multi-fidelity
optimisations, utilising the methods described in this chapter. An initial DOE of 5nvar samples
is selected using the two level method described in section 5.3.1, with designs being pick based
on design space crowding distance from non-violating members of a considerably larger initial
sampling. The surrogate model is then created from these observations, which provides deltas
to predict CFD force coefficients from low-fidelity analysis. High-fidelity runs are carried out
for every optimisation iteration in which the predicted global best is an improvement over the
current best, obtaining the true cost function for verification and incorporating an additional
data point within the surrogate. Throughout the optimisation the model is re-fit, ensuring focus is placed on promising regions of the design space. Furthermore, premature convergence
is avoided by iteratively reducing the high-fidelity analysis criteria while the optimisation is
stalling, allowing unexplored, high cost uncertainty spaces to be properly quantified.
Once again each optimisation is carried out 10 times, to provide a clear view of performance,
both in terms of consistency across runs, and to allow appropriate comparisons to be drawn
between methods. Two DOEs are created, one for baseline case and one for global optimisation,
as initial DOE selection criteria varies between the problems. This means that each run uses the
same initial DOE, rather than reinitialising at the beginning of every optimisation.

5.4.1

Baseline Driven Results

As before, overall optimal aerofoil, variation across runs, and baseline comparison are shown in
figure 5.6. Multi-fidelity results across runs are shown in comparison to single-fidelity results in
chapter 4, along with the baseline design.
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Figure 5.6: Multi-fidelity optimal design and variation across runs with baseline comparison
The minimum CD aerofoil, found through incorporation of surrogate model lower confidence
boundaries, is a considerable improvement upon all other methods and the baseline. Interestingly, the defining feature of this aerofoil is its flicked tail on the upper surface, which lies on the
boundary of optimal aerofoils found throughout the 10 runs. The difficulty in consistently finding this particular shape may be explained by two features of the optimisation problem. Firstly,
since the aerofoil must at least maintain the cross-sectional area of the baseline, producing a
concave rear shape requires additional area in front of this region, which may appear counterintuitive to the optimiser. Secondly, to achieve this shape, a large counterbalance is required in
terms of control points. This is illustrated in figure 5.7, with drastic changes in consecutive upper control point heights required, demonstrating the need for a large design space to achieve the
adequate level of control. The pulling nature of Bézier methods require control point boundaries
to be considerably wider than maximum allowable surface boundaries, otherwise the potential
and benefit of using such a technique is lost. The concave rear surface of the optimal design can
only be generated with a large delta between the final two free control points, since the x = 1
control point is fixed, highlighting the design space scope required.
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Figure 5.7: Multi-fidelity optimal design with upper and lower Bézier control points
The aerofoils found using the multi-fidelity adaptive cost technique in figure 5.6 are shown in
terms of final cost values for each run in figure 5.8, alongside low-fidelity optimisations, baseline
results, and multi-fidelity optimisations using exact model predictions. All of the force coefficient values here are derived from high-fidelity analysis, of which a number of clear observations
can be made:
• Using only exact predictions from the surrogate model is a surprisingly poor approach
• Incorporating lower confidence boundaries produces a vast improvement
• Each adaptive cost run outperforms all other methods, resulting in a baseline improvement
on every occasion
Taking each of these points in turn, failing to incorporate the lower confidence boundaries within
the optimisation produces not only poor individual results, but also poor convergence characteristics across runs. This is somewhat the expected result, following the discussion in section
5.3.2. However, the poor performance in comparison to low-fidelity only analysis was not expected, confirming that this approach is not appropriate for use in global optimisation, unless an
accurate prediction of the high-fidelity cost function is available from the outset.
With such poor results output from the predicted cost method, doubt was cast on the overall methodology itself, with little confidence that the adaptive cost approach would produce a
significant improvement. Nonetheless, tending predictions toward the surrogate model’s lower
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Figure 5.8: Multi-fidelity predicted cost and lower confidence boundary incorporation results
compared with high-fidelity analysis of baseline optimisation in chapter 4
confidence boundary during periods of stall consistently produces the desired performance, finding designs that improve upon the baseline design and the previously discussed methods. This
shows the necessity of exploring poorly represented areas within the design space, quantifying
regions of uncertainty to provide a more global view of the design space.
The worst performing adaptive cost run is still a considerable improvement over the best design
found by the other methods, as well as being an improvement over the baseline. It would be
reasonable to expect that this significant improvement is reflected in number of high-fidelity
cost function calls. However, the average number of calls during the adaptive cost method is 30,
whereas the prediction only approach is 24, which is small increase in computation load compared to the vastly improved performance of the adaptive method. Furthermore, the adaptive
method is more consistent in terms of function calls with a standard deviation of 5 across runs,
while the prediction only method shows a deviation of 8.
One characteristic of the low-fidelity method that is not presented in the multi-fidelity adaptive cost approach is the convergence across runs, which can also be observed in the variation
between aerofoils in figure 5.6. However, this is to be expected when working with surrogate
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models, since the number of data points defining the high-fidelity cost function (≈ 110), is order of magnitudes lower than the number of function calls carried out by the low-fidelity only
optimisation (n p × niter ).

5.4.2

Global Results

The same methods were used to conduct multi-fidelity optimisation on the global design space,
and provide a comparison to the single fidelity results gathered in section 4.5.5. Optimal design
and variation throughout runs are displayed in figure 5.9, with method comparison shown in
figure 5.10.

Figure 5.9: Multi-fidelity optimal design and variation across runs for global optimisation
Compared to the single fidelity optimal, the ideal multi-fidelity aerofoil is surprisingly symmetric about the mid-chord, with cross-sectional area and maximum thickness location shifted
towards the centre. The variance shown in figure 5.6 covers a larger area than the low-fidelity
results, however this is expected with limited high-fidelity cost function calls. Leading edge
shapes remain consistent with low-fidelity results; minimising lower radius while maintaining a
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Figure 5.10: Multi-fidelity predicted cost and lower confidence boundary incorporation results
compared with high-fidelity analysis of optimisation in chapter 4
larger upper surface radius, before transitioning to relatively wedge like frontal region.
Once again the multi-fidelity prediction only approach performs poorly, consistently producing
shapes that perform worse than those found using low-fidelity analysis only. This affirms the
need for lower confidence boundary integration within the cost function space; to avoid premature convergence, and encourage quantification of design space regions with high prediction
uncertainty.
Consistent with baseline driven case, the best performing aerofoils found in the multi-fidelity
adaptive cost method are considerable improvements upon single fidelity and multi-fidelity predicted cost methods. However, the magnitude of variance between runs is increased, with the
adaptive cost method performing worst of the 3 approaches in the initial run. While with increased samples this may be reflected in the baseline case, it has already been discussed that the
global optimisation problem presents a noisier cost function space. This decrease in likelihood
of convergence is therefore magnified in the multi-fidelity methods, where only a small portion
of the high-fidelity cost function space is sampled. Further work is therefore required to improve
the robustness of multi-fidelity methods for a given run, but the performance benefits are clear
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if the computational power is available to carry out multiple samples.

5.5

Conclusions

This work was a direct continuation from the preceding chapter, highlighting the inaccuracies
in a single, low-fidelity optimisation that can produce misleading results. To overcome this, an
efficient multi-fidelity adaptation of the SOPSO method has been produced, allowing promising
candidates to be selected for high-fidelity analysis, and validating their performance against a
prediction of the computationally demanding cost function.
To achieve this, a surrogate model was employed, allowing predictions of the high-fidelity cost
function to made from a range of initial samples. Gaussian process regression was chosen for
this task, due to it only requiring sub-spaces of the design space to be sampled, which is a requirement in a design space that contains infeasible designs. The surrogate model was built
using design variables and force coefficient differences between low and high-fidelity analysis, allowing corrections to be applied on the low-fidelity results at each iteration, resulting in
a prediction of high-fidelity performance. Interfaces were created to allow autonomous use of
open-source programs capable of accurately meshing and analysing aerofoil shapes and their
surrounding flow domain. This required a grid independence study to be carried out, in which
conservative mesh parameters were eventually chosen, increasing the likelihood of accurate output results across a range of potential input aerofoil designs.
To incorporate such methods within a global optimisation context, a number of factors had to be
considered. A two layered design of experiments was introduced, allowing samples to be taken
from a larger set of designs that had been filtered in terms of geometric constraints. A crowding
distance technique was employed to ensure these sampled feasible designs covered as much of
the design space as possible. Allowing only designs that exhibited common aerofoil properties
to be analysed by high-fidelity methods once again improved the likelihood that such analysis
would be accurate, with CFD residuals implemented as further constraints, ensuring inaccurate
data points are not added to the high-fidelity surrogate model.
An adaptive cost method was employed for high-fidelity prediction, which would tend towards
the GPR’s lower confidence boundaries during prolonged periods of stall within the optimisation. This approach was demonstrated to be a vast improvement over using exact prediction
values alone, without incurring a significant increase in computationally expensive high-fidelity
cost function calls.
The optimisation problems carried out in chapter 4 were repeated utilising the developed multi-
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fidelity capabilities. Once again the optimisations were conducted a number of times, to quantify
the convergence characteristics of the employed methods. On each occasion, the multi-fidelity
SOPSO variant found an improved design with respect to the baseline case and single fidelity optimiser, demonstrating its ability to consistently find high performance areas of the high-fidelity
cost function space, despite a limited number of such samples.
The global optimisation case magnified the issue of selective high-fidelity sampling, demonstrating poorer convergence characteristics due to larger feasible design space, and two variable
definition of optimality. Nonetheless, the majority of multi-fidelity adaptive cost runs produced
considerable aerodynamic efficiency improvements over other methods, once again demonstrating the usefulness of efficient high-fidelity cost function usage.

Chapter 6
Aero-Structural RLV Wing Optimisation
6.1

Introduction

The logical next step is to extend the optimisation work to three-dimensional models, by increasing the design space to multiple aerofoils, joined as part of a larger wing structure. This requires
the addition of planform variables, with aerofoil sections defined at partition boundaries. A
multi-partition wing definition is employed, allowing highly swept strakes to be combined with
typical wing shapes; a common design characteristic of high-speed vehicles.
To provide a real-world application of high-speed wing design optimisation, a baseline configuration was selected, in the form of the X-34 reusable launch vehicle concept. This design was
previously used for aerodynamic model validation, having been originally modelled as part of a
joint UKSA/ESA funded project [8]. The simplified model was used to benchmark the various
aerodynamic methods in this project, with experimental data introduced previously [44] used to
benchmark the design concept; which was a carrier launched wing-body RLV inspired in part
by the X-34 vehicle. The continued development of such concepts, along with availability of
experimental data, makes the X-34 an appropriate baseline for this exploratory design optimisation work.
A further extension to the work carried out so far is the incorporation of structural dynamics
within the optimisation process. This additional analysis discipline ensures that output designs
are capable of withstanding the high loads that come with super-hypersonic flight. A parametrically defined wing structure is employed, allowing additional design variables to generate
wing-box elements within the aerodynamic wing mesh. These elements are then reduced to a
1D beam model to determine physical displacements and rotations resulting from aerodynamic
forces and moments. An interface is employed to converge the combined aero-structural system,
iteratively passing information between aerodynamic and structural nodes. Failure criteria are
tested after every cycle, adding to aerofoil feasibility constraints discussed in chapter 4, along
137
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with geometric and performance constraints defined by general requirements and the baseline
configuration, resulting in a highly constrained multi-disciplinary optimisation problem.
Incorporation of a baseline design and structural analysis also allows an estimation of weight to
be output, thus enabling vehicle trim characteristics to be established. This further increases the
quality of results through a number of means: by analysing the structural feasibility of design at a
range of inclination angles; enforcing static stability constraints at the trim points; and enabling
wing weight and trim angle to be included within the definition of optimality. Establishing
multiple objective functions through the analysis disciplines modelled allows a diverse set of
designs to be output on the resulting Pareto front, highlighting common characteristics among
cost functions and trade-off designs. This is the primary goal of these exploratory optimisations,
providing a number of high performing low-fidelity results that can be analysed further using
higher fidelity analysis methods.

6.2

Vehicle Generation

Before configurations in a given design space can be analysed and optimised, a vehicle generator is required. Such a program must be able convert parametrically defined variables in full
wing-body vehicles. Furthermore, it must not only have the capability of reliably producing such
configurations given any set of design variables within their respective boundaries, but consistently discretise the various components to a high enough degree that multi-disciplinary analysis
can be considered accurate. This process requires combination of the components into a single
non-intersecting, air tight surface, in which any inner surfaces are discarded, and a consistent
discretisation is enforced at the boundary of any merging parts.
On the other hand, it is important that the variables required for creation are chosen carefully
based on the overall research scope, and therefore the desired optimisation criteria. Considering
the exploratory nature of this work, the majority of cases allow a high level of flexibility in the
choice of optimisation variables, and their respective boundaries. This is desirable in conceptual
design, and realised by the utilisation of low-fidelity cost function analysis, which have a considerably small computation cost for a given design. Nevertheless, if optimisation variables do not
have a clear and consistent definition, or introduce large non-linearities to the resulting objective
functions, the algorithm may fail to consistently converge on globally optimal solutions.

6.2.1

Fuselage

While the fuselage itself is not included in the optimisation, it is important to introduce the variables that define the X-34 configuration. Furthermore, this design space could be included in
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future optimisation work that focusses on wing-body vehicles. In this work, it acts as a stepping
stone towards a more versatile design space introduced later.
Studying previous high speed wing-body vehicles, such as the space shuttle and X-34 baseline configuration, the main fuselage can usually be approximated with a constant cross-section
shape. Considerably fewer design variables are required for such a definition in contrast to a
varying shape in the chord-wise direction. Because of this, and since lifting surface optimisation
variables will have a much larger effect on the configurations performance as a whole, a constant
cross-section shape is deemed to be a worthy trade-off for a significantly less complex design
space. Figure 6.1 shows the variables that make up the fuselage definition. Seven parameters are
used in defining the main body cross-sectional shape, using a combination of straight edges and
elliptical arcs. Five further variables are required, defining lengths of each sub-component and
further nose parameters. Note the fore-body, which links the nose and constant cross-section
aft-body components, is defined purely by length. In reality however, piecewise continuous
polynomial interpolation is utilised to determine its shape, using both nose and aft-body shapes
as control points.
The nose of the vehicle is created by a partial sphere, defined by its radius and non-dimensional
length. This length is defined as the point at which the partial sphere ends and becomes part of
the fore-body, with a value of 1 creating a full semi-sphere. A further variable that was deemed
important to include as part of the nose definition is its offset in the z-direction from the aft-body
centre. For a variety of reasons, many low and high-speed vehicles have their nose below the
centre of the aft-body. In this application, the effect of this offset rotates the nose component
around the y-axis, with respect to the distance between the nose and aft-body sections, as shown
in figure 6.1.

6.2.2

Wing

An arbitrary number of separate wing partitions can be used to create a single wing, with the
most inboard being defined from the vehicle centreline. Each partition is defined by five parameters: dihedral, taper ratio, trailing edge sweep, span, and two-dimensional aerofoil section.
Of course an initial root chord is required, which can be an optimisation variable directly, or a
ratio of fuselage length. The decision to use trailing edge sweep as a design parameter instead
of defining it at the quarter chord or leading edge was to ensure that control surfaces were not
made ineffective by high rearward sweep or large sweep discrepancies between partitions. Such
a definition may result in undesirable sweep elsewhere on the wing chord, which can be easily
calculated and constrained in the analysis phase. An example of the design variables used to
define a two partition wing is shown in figure 6.2.

CHAPTER 6. AERO-STRUCTURAL RLV WING OPTIMISATION

140

z0
rn
Lnose

Lfore

Laft

ru 1
`

Lu

ru 2
Ls

rl 2
rl 1

Ll

Figure 6.1: Fuselage design variables viewed in chord-wise and cross-sectional planes
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Figure 6.2: Planform design variables for two partition wing, defined from vehicle centreline
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Aerofoil

For aerofoil generation, the PARSEC method was chosen due to its ability to directly constrain
key characteristics, such as leading edge radius. This is particularly important in ensuring the
output designs are capable of withstanding the thermally challenging environment experienced
at high speeds. While this method was shown to be less flexible than the Bézier approaches
in section 4.4, it should ensure more consistent production of expected aerofoil shapes. In
turn, this constrains the production of wing-box elements to structures typically found in wing
design. By doing so, the uncertainty produced by utilisation of low-fidelity structural methods is
reduced, as is noise within the cost function, due to the more limited search space and consistent
design definitions. As mentioned in aerofoil shape optimisation (section 4.4), tighter variable
boundaries can be employed without a major loss in potential designs. Note that aerofoil sections
are generated non-dimensionally, before being dimensionalised by the chord at their location
within the wing during the assembly phase.

6.2.4

Vehicle Assembly

Components are generated independently before being combined into a single, non-intersecting
surface. This combination is only required in the case of a wing-body vehicle, but is integral to
the overall process in such cases. Figure 6.3 shows the various stages that the generator will go
through in order to produce this final output. Here, the initial aft-body is not discretised in the
x-direction, due to it having a constant shape with respect to its length, as previously described.
The wing on the other hand, has not been discretised in the span-wise direction, due to the fact
that it is defined from the centreline of the vehicle, and any part of the wing that is within the
body will be discarded. Instead, the only span-wise discretisation that exists in the initial wing
shape is that which defines a new partition. To merge these two parts, the radial panel of the
fuselage that interacts with each of chord-wise panel edges of the wing must be found. A simple
line-plane intersection is used for this, which finds the intersection point assuming an infinitely
long line and an infinite plane. If the parts do intersect, a check must be performed to ensure
that the points lies within both the fuselage panel, and finite wing panel edge. These intersection
points define the new starting position of the wing, with respect to the desired surface that is to
be output. Furthermore, they also define the x-direction discretisation of the fuselage, to ensure
that an air tight surface with no gaps is created. Once this combination is complete, and the new
definition of the wing output, it can now be discretised in the span-wise direction, and the final
wing-body configuration is shown in figure 6.3.
Surfaces are discretised into triangular or quadrilateral elements, depending on user specification
or choice of analysis methods. A number of techniques are available to create a model that
accurately captures the features of a given configuration, thus ensuring a realistic surface is
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output. The most consistent approach is to specify target panel dimensions. This means that
regardless of two given structure sizes, they will be discretised into similar area panels. For
the special case of lifting surfaces, where generally high curvature only occurs at the leading or
trailing edges, accurate discretisation can be achieved by cosine or half-cosine methods.

6.2.5

Handling Infeasible or Undesirable Designs

In the majority of global design spaces, there will be instances where the wing and body cannot
be successfully merged by the method described above. This can be caused by a number of
reasons, since the exact x, y, z joint locations between wing and body cannot be determined a
priori. As previously mentioned, such issues could result in undesirable or infeasible configurations, which should ideally be dealt with at this phase, rather than being passed over to the
performance analyser or cost function. It is more efficient in these cases to slightly alter the
design variables, in order to produce a feasible configuration and resulting cost function, rather
than designating the design as infeasible, inducing unnecessary noise. Examples of these errors
will be discussed, and the remedies used to produce feasible and logical results will be justified.
Wing lies out-with fuselage
There are a number of reasons why a wing may partially lie outside of the fuselage. In such
occurrences, the line-plane intersection will fail, and joining the two components will not be
possible. Firstly, assuming both the wing and the fuselage are to be optimised, a large chord,
thick root wing section could have points that lie above or below that of the fuselage at the centreline. Unless the dihedral is such that the wing partition falls back inside the fuselage, merging
will fail. Moreover, for stability purposes, the leading edge offset of the wing with respect to the
centreline of the fuselage can also be altered in the x − z plane, which could also produce a wing
that extends beyond that of the fuselage in the x-direction.
To remedy these issues, simple checks are put in place to find in which dimension the wing extends out-with the fuselage, defining whether the wing should be shifted in the x or z direction.
This process is repeated until the parts are successfully merged. On some occasions however,
the wing may perpetually bounce above and below the fuselage, for example, when using this
method. Two fail-safe procedures have been put into place for this. The first reduces the dimensional factor which is attempting to bring the wing inside the fuselage, with respect to the
number of attempts that have already been made. The second is a last resort approach, which
after a specified number of failed attempts, begins to slowly reduce the overall wing chord.
Note that the merging of these parts is based on a number of factors, such as wing dihedral
and taper ratio, meaning that an initial root chord that lies outside the body may still result in a
successful merge. Therefore, a solution to such problems is not as simple as ensuring the root
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(a) Initial body pre-merge

(b) Initial wing pre-merge

(c) Exploded view of cut wing and resulting body x-discretisation

(d) Final merged wing-body with span-wise wing discretisation

Figure 6.3: Stages of wing-body merge procedure
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chord lies fully within the body. A combination of these methods should ensure that a feasible
configuration is output, regardless of the starting point.
Wing partition lies entirely within fuselage
It is assumed that at least some of the first partition of the wing lies out-with the fuselage. A
major reason for this assumption is that if it were not the case, the first partition would have no
effect on the overall performance of the configuration. As a result, the design variables creating
this partition would also have little to no effect on performance. This is highly undesirable in the
design optimisation process, as it clouds the sensitivity of these variables on the resulting cost
functions. In a similar manner to the previous case, the semispan of the first partition is slowly
increased until the entirety of its tip section is out-with the fuselage.

6.3

Structural Modelling

One of the major criteria to be determined in design a high-speed or re-entry vehicle is its ability
to deal with the high structural loads expected throughout the flight profile. Particularly within
the wings, where high bending moments can cause catastrophic failures, a robust structure must
be employed. Of course, such a structure will be the major driver of weight within the wing,
creating a highly sensitive trade-off between two of the most important factors in aircraft design.
Structural feasibility should therefore be modelled as early as possible, providing an insight into
the airworthiness of derived configurations. Furthermore, an initial estimation of wing weight
allows further testing of a vehicles aerodynamic characteristics; ensuring enough lift is produced
to maintain altitude at an efficient trim angle.
The employed structural model should reflect the conceptual nature of the design space, and
moreover, compliment the level of fidelity used for the aerodynamic model. The addition of
structural modelling results in an increasingly complex and computationally heavy cost function, due to the iterative method required to converge the combined aero-structural system at a
given flight state. This requires the two analysis methods to be run sequentially, with the outputs of one being used to determine the inputs to the other. This tight coupling between the
two disciplines means that an increased fidelity of one will not greatly increase overall accuracy,
since its inputs are derived from a lower fidelity model. Therefore, in a similar manner to the
aerodynamic module, an entry level structural model is defined, providing an initial estimate of
wing elasticity, weight, and safety criteria.
A series of wing-box elements are modelled throughout the wing, and their properties reduced to
1D beam elements, connected end-to-end in the span-wise direction. This allows for a relatively
simple coupling between structural and aerodynamic meshes, ultimately producing a deformed
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wing based on the bending and twisting of the beam nodes. Each wing-box element is defined
with forward and rear spars, along with upper and lower skins, both of which can have variable
thickness. Stiffeners are also included in the model, both at the wing-box corners and within the
skin panels. Modelling the wing-box structure in this way allow failure criteria to be determined
in spar and skin segments independently, as will be detailed in the proceeding section.

6.3.1

Wing-box

As an initial estimation of static wing elasticity, a simple wing-box definition is reduced to an
end-to-end span-wise beam model. In such structures, the upper and lower skins primarily carry
the bending loads on the wing, with span-wise spars supporting shear loads. Defining the wing
structure in this manner allows a straightforward box model to be created, in which cross sectional properties can be determined easily. Additional stiffness is provided through stringers,
distributed evenly over both upper and lower skins. As in Bindolino [117], stringers at the front
and rear spars are cross coupled in terms of area, while inner stringer areas are defined by a
single variable. Wing-box segments are separated by beam nodes, as shown in figure 6.5. The
average chord of each segment is thus used in the cross-section property computation, resulting
in a beam model that is representative of a series of cuboid shaped wing-box segments. A portion of the structure is also assumed to lie inboard of the wing aerodynamic mesh, representing
the fuselage joint. Therefore, the innermost node is assumed to be clamped, while the second
is semi-flexible [118]. Since the physical attributes of the wing-box are computed prior to simplification, the volume of each component and thus overall weight of the wing-box can also be
determined. From here, the total wing weight is estimated using an empirical method [119].
The loads produced by the wing structure are distributed uniformly along the elastic axis and
applied to the element nodes by computing the work-equivalent nodal forces and moments [120].
Once the cross-section properties and weight estimations have been computed, the wing-box
segments are reduced to a single span-wise beams, placed at computed wing-box shear centre.
Each beam consists of two nodes, with translation and rotational degrees of freedom in x, y, and
z directions, totalling 12 degrees of freedom per beam. Elemental stiffness matrices, Ke , are
therefore derived from equation (6.1).
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(6.1)

Where E is the Young’s modulus, A is the beam cross-sectional area, L is the beam length, G is
the shear modulus, Iy,z are the area moment of inertias, and J is the polar moment of inertia.
Equation (6.1) is in local coordinates, where the x-axis coincides with each beam’s length. In
order to solve the system, each elemental stiffness matrix must be transformed based on the
angles between their local coordinate systems and the global one. These angles are used to form
a transformation matrix, which then computes the global stiffness matrices as follows:
Kge = TT Kle T

(6.2)

Where g and l denote global and local coordinate frames respectively.
With beams connected end-to-end, their global elemental stiffness matrices are collated on block
diagonals, as shown in equation (6.3). The linear systems Ku = f is then solved using Gaussian
elimination, where K is the global stiffness matrix, f is the vector of forces and moments provided from the aerodynamic solver, along with weight estimations, and u is the resulting vector
of structural displacements and rotations.
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Where the subscripts in Kxy define the beam number and 3x3 sub-matrices of the global element
stiffness matrices, respectively.
To ensure that the wing structure is capable of sustaining the high aerodynamic loads produced in
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Figure 6.4: Displacements and rotations of two node beam element [119]
a given flight state, stress within the various components must be computed, and compared to the
maximum allowable values for the structure materials. Stresses in each element are calculated
using the equations provided by Elham and van Tooren [119]:



du
dψ
dθ
σxx = Eεxx = E
+ ze
− ye
dx
dx
dx


dφ
dv
− θ − ze
τxy = Gγxy = G
dx
dx


dw
dφ
τxz = Gγxz = G
+ ψ + ye
dx
dx


(6.4)
(6.5)
(6.6)

Where ye , ze are the absolute distances of each wing-box element from the shear centre, with
displacement and rotation directions defined in figure 6.4. Following this, failure criteria for
each beam element is determined through:



σ · SF
τ · SF
Fy =
+
−1
ωy
τy
σ · SF
Fbe =
−1
σb
τ · SF
Fbs =
−1
τb

(6.7)
(6.8)
(6.9)

Here, failure due to material yield, Fy , Euler buckling, Fbe , and shear buckling, Fbs , are considered. The numerators in equations (6.7)-(6.9) denote the computed stress distributions in a
given panel multiplied by a safety factor, SF, while denominators contain the maximum allowable material stresses.
To determine the maximum allowable stress that a given structure can undergo before it fails, the
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equations from Elham et al. [121] are utilised. Assuming the entire structure is made of a single
metal alloy, its mechanical properties can be used in determining these allowables [122]. Upper
and lower panel buckling is calculated through the stiffened panel efficiency method, presented
in Niu [123], in which an efficiency factor of 0.8 is adopted, assuming a realistic z-stringer joint
is present in both panels. For skin panels under compression, the maximum buckling stress is
computed using:

r
σmax = η
P=

PE
lrib

σ Au
c

(6.10)
(6.11)

Where η is the efficiency factor, P is the load intensity, and lrib is the rib pitch. The upper skin
panel limit is defined with the additional criteria of compressive yield with the minimum of the
two values taken as the maximum stress allowable:

σmaxu

r 

PE
= min Fcy , η
lrib

(6.12)

Finally, the maximum allowable spar panel shear stress is calculated using the equation provided
in the US Military handbook [122]:

τmax =

Fty (L) + Fty (LT ) + Fcy (L) + Fcy (LT )
2Fsu
×
4
Ftu (L) + Ftu (LT )

(6.13)

Where t, c and s define tension, compression and shear; y and u denote yeild and ultimate
stresses; while L and LT determine longitudinal and long transverse material directions. A constant safety factor of 1.5 is applied to the maximum stresses, and structural analysis terminated
if any wing-box element is deemed to have failed.
Design Variables
Nine variables are required to create the rectangular wing-box structure as shown in figure 6.6.
The position of the front and rear spars are necessary, in terms of non-dimensional chord, as
well as constant values for spar and web thickness, ts,w . The number of inner stringers has been
included as a variable, N, to allow for a more versatile design space, which is the only discrete
variable in the design space. As the stringers will be idealised as booms, three radii are required
for the two sets of cross-coupled stringers at the spars, A1,2 , along with one variable that defines
the radii of all those located inboard, A3 . Finally, the rib pitch is included as an optimisation
variable, as this is a necessary parameter in the stiffened panel efficiency method [123]. From
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Figure 6.5: Aerodynamic and structural mesh visualisation
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Figure 6.6: Wing-box skin, spar thickness and stringer area variables
these features, the wing-box cross-sectional properties can be calculated using the following
equations [117]:

A = 2 · (ts · c + tw · h + A1 + A2 + N · A3 )


c2 c3 · ts
I1 = 2 · (tw · h + A1 + A2 ) · +
+ A3 · c3
4
12


tw · h3
h2
I2 = 2 ·
+ (ts · c + A1 + A2 + N · A3 ) ·
12
4
 2 2

c · h · tw · ts
J = 2·
c · tw + h · ts

(6.14)
(6.15)
(6.16)
(6.17)

Where c and h are the chord and height of the wing-box, and c3 is the summed squared chord-
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wise distance of every inner stringer from the neutral axis, and Ai is the resulting area from
a given stringer radii. Note that since the box is rectangular, all stringers will be equidistant
from the neutral axis in terms of height, hence why they have been grouped together in equation
(6.16). Furthermore, note that ribs are not included in the wing-box properties calculation,
however their weight contribution is estimated empirically [121].

6.3.2

Interface

Coupling the aerodynamic and structural solvers is achieved through the use of Gauss-Seidel
fixed-point iterations. This method allows each solver to run in sequence, using the data gathered from the previous output of the other, until there are no further changes in their respective
outputs. This process is completed as follows: the aerodynamic module is run initially, and
once forces on individual panels of the undeformed mesh have been computed, they will be
transferred to the structural solver, where equivalent loads on the beam nodes are calculated.
Combining these forces and moments with those derived from the estimated wing weight then
allows the resulting beam displacements and rotations to be found. The structural mesh motion
is translated to the aerodynamic mesh, where the process repeats until convergence. With lowfidelity aerodynamic methods being employed, the aero-structural solution can be considered to
have converged once the aerodynamic mesh motion ∆w, that is the change in mesh from the previous iteration, becomes negligible. In this work, we assume convergence when ||∆w|| < 10−6 .
As arbitrary wing shapes and structures will be created and analysed in a large design space
optimisation, with many infeasible designs expected in the early stages, an efficient interface
is required between the two disciplines. Therefore, the process is accelerated with a version
of Aitken’s [124] relaxation parameter, ω, which is applied to the structural displacements and
rotations, shown below:

ωi+1 = −ωi

(ui−1 )T (ui − ui−1 )
|ui − ui−1 |2

ω0 = 0.5

(6.18)
(6.19)

This method has been used extensively in fluid-structure interaction applications [125–127].
Calculation of the parameter is carried out through the use of structural displacements from
previous and current iterations to accelerate the systems convergence. Once found, it relaxes the
structural displacements of the current iteration, and thus the motion of the aerodynamic mesh.
Since a previous cycle is required in order to calculated the parameter, a value of ω = 0.5 is used
for the initial cycle.
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Interpolation Methods

By their nature, aerodynamic and structural definitions for a given wing configuration often result in meshes with no overlapping nodes, along with node patches that may lie entirely out with
that of the partner mesh. Of course, the aim of an aerodynamic mesh is to capture the shape
of a given body as precisely as possible, allowing the calculation of accurate surface properties.
This results in a highly sensitive mesh with rigid requirements, which in terms of accuracy, is
limited only by the choice of fluid solver. On the other hand, structural definitions for aerospace
applications vary in literature from full finite element representations of typical skin, spar, rib
configurations, to idealised beam or stick models. In either instance, a method is required to
transfer information between meshes. As the location of aerodynamic nodes, where external
forces are computed, differ from that of structural nodes, where displacements and rotations are
calculated, loads and mesh motion from the respective mesh must be translated to the other.
Various methods have been utilised to achieve this. The importance however lies in a given
schemes ability to transfer this information in a consistent and conservative manner, as first laid
out in Brown [128]. Consistency requires that the sum of forces acting on the fluid model equals
that of the nodal forces applied to the structure through the principle of virtual work. In a similar
manner, conservative demands that the work done on the aerodynamic mesh from displacements
computed on the structural model, be equal to the work performed on the structure.
For cases where structural and fluid meshes share the same or similar boundaries, but inner
nodal locations and/or mesh densities vary, bi-linear interpolation can provide a simple yet accurate transfer of information. In situations where the finite element grid is rather irregular, an
area coordinate approach can be adopted. Here the FEM mesh is mapped to an unstructured
triangular grid. CFD points encapsulated within the sub-triangles made from an element of the
unstructured mesh are then identified, with the force being calculated from the area of these subtriangles. Full details of this method can be found in Guruswamy [129]. It should be noted that
in both instances, conservation is not guaranteed, and fine grids for both disciplines are required
to generate accurate results.
Linear and higher-order isoparametric finite elements such as plates or shells are often used in
wing modelling, employing shape functions to transfer the local or computational space displacements to the physical domain, where they can be interpolated to the fluid grid. However,
finding the location of the fluid grid points that lie within a given element in local coordinates
is a more difficult challenge that cannot be performed analytically, and requires the numerical
approach of inverse isoparametric mapping (IIM) [130]. Upon completion, the forces acting on
the fluid nodes can be proportionally distributed to the structural element nodes. In the case of
fluid nodes being out with the structural boundary, linear extrapolation must be performed. Ex-
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amples of successful IIM implementation in fluid-structure interaction problems can be found
in the works of Byun and Samareh [131, 132].
When fluid and structural meshes have considerably different boundaries, or perhaps the structural model lies completely within the fluid mesh, such as beam or wing-box models, the rigid
link method introduced by Brown [128] has proved popular. Initially introduced for CFD
modelling, various high-fidelity aero-structural optimisation have utilised this simple method
[118, 133]. Coupling the two domains is achieved by finding the nearest structural node to a
given node on the fluid surface, and using the vector connecting these two points to transfer
information. In terms of structural displacements and rotations, this is done as follows:
wA = wS + θS × r

(6.20)

Where wS and θS are the displacements and rotations of the donating structural node, r is the
vector defined from the structural node to the fluid node, and wA is the resulting displacement
of the aerodynamic node. Similarly, the rigid link vector is used in the translation of forces and
moments from the fluid grid to the structural load vector through virtual work. It is important
that the rigidity of this vector is emphasized, meaning that when an iterative scheme is applied, r
should only be calculated in the pre-processing phase with the undeformed meshes. This method
is commonly used in high-fidelity analyses [118, 133]. However recently, it has also been used
for low-fidelity coupling [119, 127]. Both of the referenced works use a simple idealised beam
model for the wing structure, and exploit the rigid link method by aligning the beam nodes with
the fluid mesh in the span-wise direction. This means that finding the closest structural node to a
given fluid point can be bypassed, and allows node specific expressions to be derived for loading
and mesh motion transfer [127].
In terms of mesh motion, radial basis function (RBF) interpolation [134] has grown popular in
recent years, due to its versatility and ease of implementation. In this method, two arbitrary point
cloud meshes, structured or unstructured, can be coupled without any code alterations required.
Essentially, RBF interpolation calculates how a given node or surface point will be influenced by
that of every node within a structural or aerodynamic mesh. This means that mesh motion can
be easily computed from one mesh to another by simple matrix manipulation. A brief overview
is provided here, however in depth explanations can be found in references [135, 136]. The
problem is formulated as follows:
N

s(x) =

∑ a j φ (||x − x j ||) + p(x)

(6.21)

j=1

In this instance, s(x) is the function evaluated at x, j depicts the centre or node within the
mesh, with N being the total number of nodes. The function φ represents a radial function
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with respect to Euclidean distance. Many options are available for this, which can be found
in Rendall [136]. By setting p(x) as a linear polynomial, the interpolation does not change,
regardless of translation or rotation of the mesh, meaning coupling matrices need only be defined
once in the pre-processing phase. Coefficients a j are defined by the interpolation conditions:
s(x j ) = y j , 1 ≤ j ≤ N

(6.22)

Where y is the known positions of the centres or nodes. With the inclusion of the polynomial in
equation (6.21), a second requirement states that:
N

∑ a j q(x j ) = 0

(6.23)

j=1

For all polynomials q equal to or lesser degree than that of p. Importantly, this ensures that the
total information transfer is equal within or between meshes, making it a conservative approach.
In the present work, the rigid link method has been employed, to be used in both virtual work
transfer of forces, and mesh motion. The overriding reason for this is the choice of structural
model, in this case a single discretised beam. As mentioned previously, beam nodes are aligned
with the aerodynamic mesh in a span-wise direction, allowing simple coupling of the two disciplines. RBF interpolation has also been implemented, for use in future work involving physical
wing-box structural definitions.

6.4
6.4.1

Implementation to Optimiser
Design Loop

The overall architecture of the described framework is shown in figure 6.7. Functions in grey
refer to material covered in chapter 3, with the routines that make up the cost function being the
main focus here.
Two loops are performed within the cost function; the outer attempting to find the trim angle of
attack, and the inner solving the aero-structural system for the current angle. In terms of trim
analysis, the lift force for a given flight state is compared to the total configuration weight, and
the angle of attack updated accordingly. At a given inclination angle, aerodynamic forces acting
on the undeformed mesh are computed, which are transferred to the structural solver to calculate
displacements and rotations. These deformations are used to displace the aerodynamic mesh,
and this process is repeated until either convergence or failure criteria is met. If converged, overall aerodynamic and structural properties are gathered, and a check is performed to determine
if the aircraft is at trim conditions. Until this stability criteria has been met, the angle of attack
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is iterated, the aerodynamic and structural meshes are initialised to their undeformed state, and
the aero-structural loop is repeated. Upon convergence of the entire aero-structural trim system,
violation characteristics are computed, and any penalties added to the final cost function values.
To reduce the number of outer loop iterations, boundaries are set on the allowable trim angle of
attack range, and the final αtrim value is only computed to three decimal places. Furthermore,
if the wing structure is deemed to have failed at any point within this process, the cost function
is continued with a rigid airframe. Previously, the cost function would have been terminated
entirely, and the configuration marked as infeasible. However, this "death penalty" approach
caused a large amount of noise in the cost function, with relatively similar designs having potentially optimal and infeasible designations. By allowing analysis to continue with a structurally
incapable design, comparisons can be drawn amongst the remaining performance metrics, and
penalties applied purely based on the structural infeasibility.
After all particle cost function values have been calculated in a given iteration, they are compared
to previous particle bests and Pareto front designs, updating both populations as required. As
discussed previously, there are no widely accepted methods that define convergence of a multiobjective population based optimiser. Therefore, the PSO algorithm is run for a set number of
iterations, defined by the user.

6.4.2

Constraint Management

While the design space in this work is mostly continuous, the output cost functions for a given
set of designs are not. This is due to the fact that analysed configurations may have attributes
that are physically undesirable, but that may be seen as desirable to the optimiser, and cannot be
constrained or calculated prior to analysis. In such cases, a quadratic loss violation function is
used, which compares vehicle characteristics to predefined minimum and/or maximum values,
and applies a penalty to the cost function values depending on how far out with the boundaries
a violating attribute lies. Adding to the objective function by a constraint derived value is more
commonly known as a penalty method, discussed in chapter 3. This transforms a constrained
optimisation into an unconstrained one, by combining cost and constraint into a single function:
f 0 (x, R) = f (x) + φ (g(x), h(x), R)

(6.24)

Where f 0 is the new function to be minimised, and φ is the violation function calculated by:
(
φ (g(x), h(x), R) = R

2

∑ [max(0, gk (x))]
k=1

)

q

p

2

+ ∑ [hl (x)]

(6.25)

l=1

With terms consistent with that of equation (3.10) [48]. The value of the penalty parameter is
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Figure 6.7: Multi-objective aero-structural trim PSO iteration flow chart
chosen so that it is considerably larger than values arising from the cost functions, ensuring that
non-violating particles will always have a lower f 0 value than violating ones.
This method allows the optimiser to analyse infringing configurations without seeing them as
optimal, while also not disregarding them entirely. Furthermore, smoothing the cost functions
in this manner allows the optimiser to tend towards non-violating values, improving overall
convergence.

6.5

Results

To demonstrate the capability of the overall framework, a multi-objective, multi-flight state optimisation was conducted, and compared to that of the X-34 configuration. Three objectives were
sought to be minimised across Mach numbers of 3 and 6, with the remaining flow properties
defined by that of experiments carried out in Brauckmann [44]. The overall optimisation problem is defined in table 6.1, with design variable boundaries in table 6.2, and results shown in the
form of a Pareto front in figure 6.8. Particles are coloured in order to demonstrate their relative
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objective function values versus the rest of the front. Here, red indicates a low drag coefficient,
green tends towards minimal trim angle, and blue shows reduced wing mass. The optimisation
was run for 600 iterations with 1200 particles across 8 cores, and completed in approximately
72 hours.
As mentioned previously, the X-34 configuration has been used as a baseline to provide constraints on designs, and present a comparison for optimal results. In particular, since the X-34
was designed to be launched from a carrier aircraft, strict geometric requirements have been
placed on candidate designs, along with those demanding a maintenance or improvement in
terms of performance. Note that no attempt has been made to model the X-34 structure, and
thus its performance is based on a rigid airframe. Furthermore, only the wing and body sections have been modelled in this instance. The original wing mass is an estimation based on
the overall structural weight of the vehicle, and the empty weight has been utilised in the trim
computation, implying an unpowered descent phase.
Three optimal configurations have been extracted from the 58 found on the Pareto front, and
are shown with pressure coefficient distributions at Mach 3 in figure 6.9, along with the baseline shape. Furthermore, performance characteristics are compared in table 6.3, again shown in
terms of maximum values across the two flight states. Note that this generally corresponds to
Mach 3 in terms of force and moment coefficients, and Mach 6 in terms of trim angle. Similarities can be drawn from the aerofoil shapes presented in all cases, particularly in configurations
I and II, along with similar planform shapes in I and III. However, stark contrasts are observed
from their objective functions. Unsurprisingly, configuration II provides a minimal mass option,
due to its reduced wing area. Furthermore, despite their planform similarities, configuration I
demonstrates a low drag coefficient design, with configuration III performing best in terms of
trim angle, showing the highly sensitive nature of high-speed aerofoil design.
Much like the baseline shape, thinner aerofoils are generally present at the root of designs, due to
their large inboard chord. A drastic increase in lift coefficient compared to the baseline can also
be observed from the three designs, despite a reduction in trim angle. However, the large sweep
of the X-34 strake, and thus reduction in drag that it provides, is not seen across the resulting
configurations. Furthermore, in an attempt to maintain structural integrity at such high speeds,
increased mass values are present across the Pareto front versus that of the X-34 estimation. A
combination of these properties point to potential inaccuracies in weight prediction, since the
X-34 has a considerably larger wing area than almost all of the resulting designs.
Various nuances are present in the remaining Pareto front designs, particularly in terms of planform and aerofoil shape. However, many of the geometric characteristics discussed can also be
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Table 6.1: Aero-structural trim optimisation problem definition
Comments
Minimise

CDtrim

Optimise trim angle and drag coefficient at trim based on maximum
respective values from both flight
states, and overall wing mass

αtrim
mwing
Subject to
Variable boundaries

xlb ≤ x ≤ xub

Performance constraints

L ≈W

Defined in table 6.2

Cm ≈ 0

Trim & stability conditions

Fy ≤ 0

Yield and buckling failure criteria
for all skin panels spar webs

CLtrim ≥ CLbase

Improve or maintain baseline trim
lift coefficient

0.5 ≤ Awing /Abase ≤ 1.5

Maintain similar wing planform
area and wing root, tip, and trailing
edge thickness

b = bbase

Enforced by design variable definition

tle ≥ tbase

Ensure minimum leading edge for
heating requirements

Cmα < 0
Fbe,s ≤ 0
Baseline constraints

0.5 ≤ twing /tbase ≤ 1.5

dt
db

General constraints

≤0

Wing thickness cannot increase outboard

30◦ ≤ Λle ≤ 80◦

0.1 ≤ ctmax ≤ 0.7
dt
dc t < tmax

≥0

Aerofoil thickness cannot decrease
up to maximum thickness

dt
dc t > tmax

≤0

Aerofoil thickness cannot increase
after maximum thickness






Non-dimensional chord location of
maximum aerofoil thickness



d2u
dx2 u < u
max

≤0

Upper surface curvature cannot increase up to apex
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Table 6.2: Aero-structural trim optimisation design variable boundaries
Component
Variable
Wing Planform c1 , m
λ1,2
Λte , deg.
b1 , m

Aerofoil

Wing-box

Minimum
6
0.4
-20
0.1

Maximum
12
1
20
0.9

φ , deg.
x0

0
0

20
0.6

rleu,l , m

0.001

0.1

xu
zu
zxxu
xl
zl
zxxl
zte
∆zte
αte , deg.
βte , deg.

0.2
0.02
-1.2
0.2
-0.08
0
-0.02
0
-25
3

0.7
0.17
0
0.7
-0.02
1.2
0.02
0.02
2
40

[0.15, 0.65]

[0.25, 0.85]

0.001
0.005
0
0.5

0.05
0.05
5
1.5

c1,2
ts,w , m
r1−3 , m
N
lrib , m

Comments
Root chord
Variables from figure 6.2
Dimensionalised by baseline span
(b2 = 1 − b1 )
Dihedral
Non-dimensional wing offset

Variables from figure 4.2, one set
for each root, joint, and tip aerofoils

Non-dimensional chord location of
front and rear spars
Variables from figure 6.6
Number of inboard stringers
Span-wise distance between ribs
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III)

I)
II)

Figure 6.8: Aero-structural trim optimisation Pareto front with selected configurations highlighted
seen in multiple configurations, showing convergence tendencies for the given problem. Structurally, only two configurations contain any inner stringers, demonstrating a preference for outboard stiffening. The remaining structural variables, normalised in figure 6.10 with respect to
their minimum and maximum boundaries from table 6.2, are similar across all Pareto front designs. As these variables only have an effect on one cost function, wing mass, this convergence
should not be surprising. In an attempt to minimise mass, the structural variables tend towards
the boundaries that create such a wing-box, while ensuring components are not subject to failure
under the intense aerodynamic loads. In particular, the forward spar location and skin thickness
remain almost constant throughout, contributing minimal mass to the output designs. On the
other hand, upper front and lower rear coupled stringers, along with the location of the rear spar,
demonstrate the highest variation within the structures. The scope of these variables therefore
have a large influence on failure characteristics of the wing-box, as they do not consistently
result in a minimal mass component. Of course, the low-fidelity structural model may be a factor in producing these results, with component failure playing a large role in the optimisation
process. Further flexibility is therefore desired in the wing-box design, to ensure fewer failing
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Figure 6.9: Selected Pareto front configurations (a - c), and baseline (d), showing pressure
coefficient distribution at Mach 3 trim conditions, and non-dimensional aerofoil sections at root,
partition joint, and tip
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Table 6.3: Optimal design performance characteristics

CDtrim
αtrim (◦ )
mwing (kg)
CLtrim
Cmtrim

Baseline

Configuration I

Configuration II

Configuration III

0.0402
5.244
3000
0.0565
-0.0173

0.0551
4.983
3800
0.069
-0.0114

0.0625
5.231
3091
0.0779
-0.0164

0.0702
4.326
4430
0.0724
-0.0007

configurations, and a broader search space of feasible structures.

Figure 6.10: Normalised structural design variables

6.6

Conclusions

Presented is a large search space global design optimisation framework for super-hypersonic
vehicles. Low-fidelity surface inclination methods have been employed for aerodynamic analysis, with a simple wing-box model being reduced to a single discretised beam to approximate
structural elasticity. Gauss-Seidel fixed-point iterations have been utilised to couple the aerostructural system, with Aitken relaxation used to accelerate convergence. Particle swarm has
been chosen as the optimisation algorithm, due to its superior handling of continuous, large
design space problems over gradient-based or other gradient-free methods. The combination
of these tools has produced a versatile design optimisation system capable of handling a broad
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design space, and large number of function evaluations, without significant computational cost.
A detailed description of the design variables has been provided, with explanation of a penalty
approach for constraint management and undesirable characteristics or infeasible designs. A
multi-objective, multi-flight state aero-structural trim optimisation has been performed, with
comparison to the wing-body X-34 RLV configuration, and select Pareto front designs shown.
A diverse set of configurations have been produced, proving the optimisers capability in handling large design spaces and highly non-linear objective functions. This is due to its flexibility
in allowing undesirable or infeasible characteristics to be analysed and appropriately quantified. Baseline improvements can generally be found in terms of trim angle and lift coefficient;
however mass estimation has been highlighted as a crucial limiting factor in producing lower
drag and overall wing weight. Further research requires deeper flexibility within the structural
model, along with improved mass estimation from a given wing-box structure, in order to produce a wider array of feasible designs.
With continued research and development of the presented framework, particularly in terms of
additional analysis modules, it is hoped that such techniques can play a larger role in the design
phases of future reusable launch vehicles. Further work will seek to optimise full RLV configurations, with the inclusion of thermal constraints for maximum dynamic pressure flight states.
The key disciplines yet to be included within the framework: trajectory and propulsion integration/performance, will be studied and implemented at a similar fidelity to the current analysis
modules. Furthermore, higher fidelity aero-structural models will be utilised in both reduced
design space optimisations, and large design space multi-fidelity environments. Incorporating
these features while ensuring modularity of the framework is maintained will produce a powerful set of tools, capable of handling a wide range of problem spaces at various stages of the
design process.

Chapter 7
Global Super-Hypersonic Vehicle
Optimisation
The primary goal of this research is to produce novel designs for super-hypersonic vehicles.
This requires a fully parametric vehicle definition, and sufficient analysis to provide a meaningful quantification of optimality. An improved fuselage definition is therefore employed, allowing a broader scope of designs to be generated, compared to that of the previously described
constant cross-section fuselage design space. Furthermore, this definition allows lifting-body
optimisations to be carried out, in addition to wing-body design spaces. In terms of analysis, a
mass estimation technique is implemented, allowing trim characteristics, overall vehicle mass,
and payload fractions to factor into objective and constraint functions. Both cruise and max-Q
flight conditions are considered, with the former used to define optimality in conjunction with
uncertainty analysis, while the latter ensures maximum surface temperatures are not exceeded.
Static stability is also considered in both longitudinal and lateral dimensions, further quantifying
the feasibility of produced vehicles.
The highly constrained design space requires careful consideration in terms of constraint handling: allowing infeasible designs to tend towards feasible regions of the design space; ensuring
constraints are not unintentionally weighted more importantly than others; while maintaining
a high quality output of feasible Pareto front results. To this end, a continuation of the previously described constraint handling methods is employed here, allowing infeasible designs to
progress through the optimisation, finding local regions of feasibility, before slowly prioritising
non-violating designs only.
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Vehicle Generation
Arbitrary Fuselage Definition

To maximise control over the fuselage shape, both the cross-sectional shape and longitudinal
distribution are defined independently through class shape transformations. Introduced by Kulfan [104], class functions allow a wide variety of geometries to be generated, with shape functions providing control over critical geometric properties, such as leading edge radius. They are
defined as follows:

CNN01 (x) = xN0 (1 − x)N1

(7.1)

S(x) = ∑ Ai Si (x)

(7.2)

 
n
Si (x) =
(1 − x)n−i xi
i

(7.3)

n

i=0

Where the powers N0 and N1 define the shape at the beginning and end of the curve respectively,
and Ai are user defined polynomial coefficients. As in the work presented by Di Giorgio et
al. [27], a single class shape transformation is used for streamwise distribution, whereas upper
and lower functions are defined separately for the cross-sectional shape.
n

 N
NC
C
CCU,L (η) = w η (1 − η) , SCU,L = ∑ ACi · Si (η)

(7.4)

i=0
n

CD (ε) =


h  ND
ε 0 (1 − ε)ND1 , SD = ∑ ADi · Si (ε)
2
i=0

(7.5)

Where η, ε are the non-dimensionalised length and radial coordinates, and w, h are desired width
and height of the vehicle. Also note that since the fuselage is symmetric in the x-axis, only one
value of NC is used in the cross-sectional class function.
Combining these functions in both cross-sectional and streamwise dimensions results in a point
cloud representation of the fuselage. With x and y coordinates derived from their respective
non-dimensional counterparts, the remaining dimension to be determined, z, is found from the
following:
zU,L (ε, η) = CC (η)SCU,L (η)CD (ε)SD (ε)

(7.6)

Thus, the entire fuselage is defined by four edge controlling parameters (NCU,L , ND0,1 ), two scaling factors (w, h), and three vectors of Bernstein polynomial coefficients (ACU,L , AD ). The num-
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ber of coefficients in longitudinal and radial polynomials can vary depending on the users desired
control over the respective dimensions.
In this work, four coefficients define Bernstein polynomials. However, with streamwise symmetry, only two have to be defined for cross-sectional upper and lower distributions. The fuselage
is discretised using cosine spacing in both stream and span-wise dimensions, to focus on accurate depictions of leading and trailing edges, as well as upper and lower surface joints, where
maximum curvature is often present.

7.1.2

Aerofoil & Wing

A large design space is also desired in the generation of lifting surfaces. The shape optimisation work carried out in chapter 4 showed the direct Bézier curve aerofoil definition to have
highest level of control in creating such geometries. Furthermore, it validated the use of design
space boundaries and allowed geometric constraints to ensure only feasible designs are seen as
optimal. Therefore, the same design space and constraints have been implemented in this optimisation, enabling optimal aerofoil designs to be searched for a global level, producing diverse
shapes that are tailored to maximise performance of a given vehicle.
Wings are produced using the same methodology as chapter 6, with two partitions once again
employed to allow variation of planform variables across the span. Two aerofoils are used to define cross-sectional properties, with the outer partition maintaining constant cross-section shape.
The inclusion of a third aerofoil at the wing-tip provides little potential performance improvement in contrast with the large increase in number of variables. Such insensitivities are to be
avoided generally in design optimisation, and were therefore omitted from this work in favour
of a more concise design space. Allowing the wing to vary in aerofoil shape from root remains a
necessity however, with inboard strakes generally employing thinner non-dimensionalised sections to account for their increased chord.

7.1.3

Improved Wing-body Merging

One of the major contributors to non-linearities in the cost function space is the merging of
wing-body shapes. Defining these geometries separately before attempting to combine them in
a single non-intersecting surface will undoubtedly add noise to the overall optimisation, since
the intersection points are dependent on aerofoil, wing, and fuselage definitions, and thus cannot
be quantified in advance of vehicle generation. Nonetheless, defining the initial wing partition
from the vehicle centreline becomes less intuitive when the fuselage is allowed to vary in crosssectional shape. This is due to the wide bodies produced by such a design space, increasing the
proportion of wing-span that will be discarded during the merging process (see figure 6.3). This
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creates a clouded design space in terms of inboard aerofoil definition and partition span, since
the prevalence of these design choices on vehicle performance will vary heavily between wide
and narrow fuselages. Furthermore, variable boundaries in terms of planform shape become
harder to define when the extremes of fuselage cross-section definitions have to be considered,
with difficulties in enabling large dihedral wings to be consistently merged with wide fuselages
when defining wings from the vehicle centreline, for example.
An improved wing-body merging technique has therefore been devised, to alleviate some of
the non-linearities stemming from this combination process, as well as allowing variables to be
defined consistently, regardless of fuselage shape. Instead of defining wings from the vehicle
midline, a scattered interpolant is generated from the fuselage surface, with wing x-offset used
to determine the position on the fuselage at which the leading edge intersection point will occur.
The wing is then displaced to this position, and projected inboard into the centreline, allowing
the remaining intersection points to be computed. This enables wing position to be physically
defined on the fuselage surface, rather than at the midline. Furthermore, it allows lifting surfaces
to be placed anywhere on the vehicle with relative ease, giving a consistent definition to partition
span (now wet span), and inboard aerofoil section, which is now defined at the point of merge,
rather than vehicle centreline.

7.1.4

Mass Estimation

In order to determine system level characteristics such as potential payload fraction and trim
conditions of the vehicle, a weight estimation technique must be employed. As with all analysis
modules in a large design space optimisation, versatility and rapid results are a necessity. The
suite of statistical correlations found in the HASA [137] has therefore been implemented in the
current framework.
Specifically designed to handle a wide variety of hypersonic vehicle configurations, this iterative
scheme computes component weight contributions from the gross weight, and geometric inputs
such as fuselage length and reference area, until convergence. Normally, fuel fraction is also an
input, however here the data in Harloff et al. [137] is used to estimate fuel fraction as a function
of gross weight throughout iterations.
Payload fraction can be implemented as a design variable, however it is more intuitive to compute maximum payload from usable fuselage volume. With the fuel fraction known, the required
propellent volume can be calculated. This value is taken away from the overall usable volume,
allowing payload to be determined. A constant efficiency factor of η = 0.7 is applied to the
volume enclosed by the fuselage, to account for structural materials and fuel tanks, and a constant payload density of 50kgm−3 assumed. This method removes redundant fuselage areas that
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would be present in the design variable approach, while having the secondary effect of ensuring
the converged system can house the required propellent, which is not guaranteed by the HASA
method.

7.2

Optimisation Problem

Once again multi-objective, multi-flight state optimisations were conducted. In this instance,
the inclusion of a versatile fuselage definition allows both lifting-body and wing-body design
spaces to be analysed. Furthermore, with a fully parametric definition of vehicle components; a
mass estimation routine specific to high-speed vehicles; and robust constraints covering thermal
thresholds, stability criteria, and system level design; these optimisations can be carried out in a
global context, allowing all vehicle components to be defined by the optimiser.
Aerothermodynamic, trim and vehicle sizing considerations are used in defining objective and
constraint functions. Three cost functions are employed: overall vehicle mass, aerodynamic efficiency at trim angle of attack in the cruise flight state, and payload fraction, allowing a broad
spectrum of designs to compete for optimality on the Pareto front. Ultimately, a diverse set of
results is desired, with common characteristics across all designs, or those performing best for a
particular cost function, highlighted for further analysis.
Configurations are analysed at an altitude of 30km and Mach numbers of 5 and 8, to test vehicles
in typical cruise and max-Q conditions. Rather than defining a set angle of attack, the vehicles
are trimmed at each flight state, in order to define performance objectives and constraints. To
avoid over-optimisation of aerodynamic efficiency at the design points, a robust design method
is employed. Instead of deriving performance metrics from the given flight states alone, configurations are tested at slightly off design points, and aerodynamic performance determined by
the summation:

min: µ( f ) + nσ ( f )2 , f = −

CL
CD

(7.7)

Where n is the sigma level used to weigh the influence of variance on the cost function, set to
n = 6 in the optimisation problem described here.
The overall optimisation problem is shown in table 7.1, with design variable boundaries employed in table 7.2. Note the number of non-dimensionalised variables, which are put in place
to allow reasonable design choices to be made based on key parameters such as fuselage length.
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Without this, variable boundaries would have to be captured for vehicles both large and small,
which would result in infeasible designs such as minimum length fuselage combined with maximum wing chord or span.
Aerodynamic properties are output with respect to the computed trim angle of attack for a given
vehicle, which for feasible configurations directly enforces L = W . However, vehicles unable
to trim as a result of large weight estimation will still output aerodynamic characteristics at the
highest allowable trim angle, set to 35◦ . Therefore, an additional constraint is required to ensure
the vehicle has trimmed at the given flight state. This additional check is preferred to discarding
vehicles that fail to trim, allowing such designs to tend towards feasibility. With trim analysis
complete, small perturbations are made to angle of attack and sideslip, allowing vehicle longitudinal and lateral static stability to be determined. The output derivatives are used as further
constraints, ensuring optimal designs are stable as well as aerodynamically efficient. Finally, the
surface temperature output at Mach 8 trim conditions must remain below a set maximum, which
has been defined to represent material allowables.
Geometric constraints are also invoked to ensure feasibility among designs, which cannot be
guaranteed by the parametric design space alone. Internal fuselage volume must be large enough
to house the computed payload and fuel volumes calculated using the HASA program. A combination of variables and constraints ensures that wings decrease in both chord and thickness
outboard, while also asserting reasonable leading and trailing edge sweep angles. Aerofoil sections require a variety of constraints to guide the optimisation toward desirable designs, due to
the wide scope of Bézier control point variables. These ensure reasonable thickness distribution
and surface curvature, and have been validated against a large set of comparable aerofoils found
in the UIUC database [107], as discussed in chapter 4.

7.2.1

Constraint Handling

Due to the highly constrained nature of this problem, a continuation of the constraint handling
methods discussed in chapter 3 was incorporated in this work. Recalling the ε-constrained
method introduced by Takahama and Sakai [82], the constrained optimisation replaces the usual
cost function comparison between solutions with an ε level comparison, which for ε ≥ 0 takes
the form:




f ≤ f2 , if φ1 , φ2 ≤ ε

 1
( f1 , φ1 ) ≤ε ( f2 , φ2 ) ⇔ f1 ≤ f2 , if φ1 = φ2



φ < φ , otherwise
1
2

(7.8)

CHAPTER 7. GLOBAL SUPER-HYPERSONIC VEHICLE OPTIMISATION

169

Table 7.1: Global super-hypersonic vehicle optimisation problem definition
Comments
Minimise

Mass, kg

Maximise

(CL /CD )trim
Payload fraction

Subject to
Variable boundaries

xlb ≤ x ≤ xub

Performance based

L ≈W

Trim conditions

Cmα < 0

Stability criteria

Cm ≈ 0

Defined in table 7.2

CLβ < 0
Tmax ≤ 2050K
Geometric based

Vpay +V f uel ≤ ηV f use
dt
db

≤0

30◦ ≤ Λle ≤ 80◦

0.1 ≤ ctmax ≤ 0.7

Sufficient internal fuselage volume
Wing thickness cannot increase outboard
Non-dimensional chord location of
maximum aerofoil thickness

dt
dc t < tmax

≥0

Aerofoil thickness cannot decrease
up to maximum thickness

dt
dc t > tmax

≤0

Aerofoil thickness cannot increase
after maximum thickness






Assumed thermal threshold



d2u
dx2 u < u
max

≤0

Upper surface curvature cannot increase up to apex

The value of ε therefore dictates whether f1 is an improvement over f2 based on the standard
cost function comparison, or by a comparison of constraint function values. By dynamically
reducing the value of ε throughout the optimisation, violating particles are able to tend towards
feasibility, rather than being prematurely discarded, thus improving the optimiser’s ability to
search for feasible regions of the design space.
The initial value of ε is defined by the violation functions of the initial population, as shown in
equation (7.10), and is dynamically reduced until some final iteration t f , after which the constraint tolerance remains at a constant value ε f . The reduction method introduced by Takahama
and Sakai rapidly decays constraint tolerance during early iterations, before slowly tending towards a positive final value. However, if only non-violating particles are to be considered optimal, ie. ε = 0 at t > t f , which is the most logical way to handle constraints, the decay function
cannot be employed in its current format.
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Table 7.2: Global super-hypersonic vehicle design variable boundaries
Variable

Minimum

Maximum

10

40

w

0.1

0.8

hU,L

0.1

0.8

NCU,L

[0.1 0.001]

[1 1]

ND0,1

[0.25 0.001]

[0.95 0.8]

ACU

0.05

1

ACL

-1

-0.2

AD

0.3

1

[0.25 0.2 0.1]

[0.9 0.8 0.7]

Λ, deg.

-45

45

Partition trailing edge sweep

b

0.1

0.5

Dimensionalised by fuselage length

0

45

0.1

0.75

iπ
1 − cos 2n
− 1n

iπ
1 − cos 2n
+ 1n

zu2−5

0

0.2

zl2−5

-0.2

0

Partition dihedral
Non-dimensional leading edge offset from nose
Half-cosine spacing from 0 to 1,
where n is number of free control
points (n = 4)
Non-dimensional, control points
fixed at extremities

Fuselage l, m

Wing

c

φ , deg.
x0
Aerofoil

xu,l

Comments

Dimensionalised by fuselage length
Span-wise upper and lower edge
control
Longitudinal edge control
Span-wise control points
Longitudinal area distribution
Dimensionalised by fuselage length

To allow a final constraint tolerance of zero, and thus eliminating violating particles from the
Pareto front entirely, a second reduction method has been used here. After some intermediate
time, tm , the remaining positive constraint tolerance is linearly reduced to zero. This approach
provides further flexibility in the selection of intermediate constraint tolerance, εm , allowing
the user to experiment with rate of decay. The constraint tolerance value throughout a given
optimisation is summarised as follows:
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ε e(−Bt)

 0
m
εt = (t − tm ) t−ε
f −tm



0

(7.9)

1
ε0 =
2

1
n

B=

if t ≤ tm
if tm < t < t f
if t > t f

n

!

∑ φ + min(φ )

(7.10)

j=1

log(ε0 /εm )
tm

(7.11)
(7.12)

In this work, constraint tolerance is non-zero for half of the total number of optimisation iterations. The first two thirds of this time uses the Takahama and Sakai approach, reducing
initial tolerance to εm = 10−3 . The final third then linearly reduces the constraint tolerance to
zero. This allows an initial decay that is not overly steep, thus preventing a tightly constrained
problem being dominated by minimisation of the violation function, rather than cost functions.
Furthermore, the linear reduction provides ample time for fine tuning; allowing particles with
small violations to find their way towards feasible design points.
As discussed in chapter 4, steps must be taken to ensure the optimisation is not driven by a handful of constraints. Without proper scaling, initial constraint tolerance may be much greater than
the value chosen to tend towards (ε0 >> εm ), requiring rapid reduction during early iterations. In
this situation, particles who violate the improperly scaled constraints will be quickly discarded,
in favour of those who may show poor performance elsewhere. Typical or expected values of
each constraint are therefore specific in the initialisation phase, and used to normalise constraint
functions throughout the optimisation. This ensures that particles are not chosen due to one
constraint typically being a higher magnitude than another. Furthermore, this normalisation of
constraints guarantees that particles with a constraint value close to the intermediate value of
εm will be close to feasible, regardless of whether or not a localised feasible region exists in the
design space. Such particles should therefore be encouraged to find these pockets of feasibility,
which is why a linear reduction of εm → ε f = 0 has been employed.

7.3
7.3.1

Results
Lifting-body

The Pareto front for lifting-body design space is shown in figure 7.1. Particles are coloured in
order to demonstrate their relative objective function values with respect to the Pareto popula-
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tion. Here, red indicates a high aerodynamic efficiency, green tends towards minimal mass, and
blue denotes high payload fraction. Two-dimensional views of the Pareto front are also shown
in figure 7.1, with colour intensity showing particle performance in the third dimension. The
Pareto front was limited at 300 particles, to allow a large number of optimal designs, while
maintaining variation through crowding distance. The optimisation was run for 1000 iterations
with 120 particles across 6 cores, and completed in approximately 12 hours.

I

II

I
II
I

II

II
I

Figure 7.1: Pareto front visualisation of lifting-body optimisation
As expected, a highly competitive front exists between mass minimisation and payload fraction
maximisation, with configurations behind this front demonstrating improved aerodynamic effi-
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ciency. Various nuanced designs are present within the Pareto front, with similar cost function
values not necessarily correlating to similar designs. This is to be expected within a large design
space, multi-objective optimisation, with a number of loosely correlated regions of the design
space mapping to similar areas of the cost function space. An example of this is illustrated in
figure 7.2, with two trade-off designs exhibiting varied characteristics despite largely similar
cost function values.

(a) Configuration I

(b) Configuration II

Figure 7.2: Trade-off designs with surface temperature distribution at Mach 8 from tri-objective
lifting-body optimisation
Configuration I lies close to the optimal mass-payload front, utilising bell shaped curves on the
upper surface to increase payload volume while maintaining aerodynamic efficiency. Note that
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prior to the inclusion of lateral stability as a optimisation constraint, vehicles would exhibit this
shape on the lower surface also. With lateral stability demanded, vehicles are forced to maintain
a convex, and relatively flat lower surface. Configuration II presents an almost wedge like shape,
compensating for volume lost at the centre with increased height toward the extremities. This allows a reasonable payload fraction to be maintained, only showing a slight reduction compared
to configuration I. Mass is also increased due to an increase in length compared to configuration
I, with aerodynamic efficiency being the main improvement due to minimal frontal area.
Similarities between vehicles are also present throughout the Pareto front, which is visualised
in figure 7.3. Here, normalised design variables are collected from configurations up to the 10th
percentiles in each cost function, along with trade-off designs, and shown in terms of mean and
quartile boundaries. This illustrates the general trends associated with each cost function, along
with design variable sensitivities, allowing key performance characteristics to be determined.
Unsurprisingly, minimal mass vehicles consistently minimise overall length, with some flexibility around height. Width is also smallest within the minimal mass subgroup, but remains
reasonably high to maintain lift and static stability, as well as sufficient internal volume. In line
with configuration I, fuselage height is consistently minimised for optimal aerodynamic efficiency, with maximum payload designs being much more liberal to accommodate the required
volume.
The remaining parameters are considerably less stringent, allowing a number of different shapes
to be considered optimal within each subgroup. Lower longitudinal edge parameters (NC1 ) must
remain relatively high to avoid bell shaped underbodies that violate static stability constraints,
while leading edges (ND0 ) balance reduced drag and maximum heating. One clear trend across
all subgroups is the steady increase in longitudinal area distribution (AD0−3 ), which is also shown
in both configurations in figure 7.2.

Figure 7.3: Parallel plot displaying mean and quartiles of normalised lifting-body variables
representing 10th percentile performers in each cost function, and trade-off designs
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Wing-body

Results for the wing-body design space are presented in a similar manner to the preceding case,
with three and two dimensional views of the Pareto front shown in figure 7.4. Once again
a highly competitive front exists between payload fraction and vehicle mass, with the former
slightly lower than the lifting-body case overall, due to the addition of wing weight. Aerodynamic efficiency also struggles to match those found in the lifting-body design space, which on
the surface appears counter intuitive. However, this is explained by the need for increased fuselage height, in order to merge with generated wings, and therefore increased frontal area with
respect to incoming flow.
Two trade-off designs are once again extracted from the Pareto front, shown in figure 7.5,
demonstrating varied characteristics despite similar cost function values. Configuration III
presents the bell shape upper surface commonly found in the lifting-body Pareto front, with
highly swept wing sections creating a blended wing-body vehicle. Configuration IV on the other
hand exhibits a more typical wing-body design; merging a fully convex fuselage with larger,
moderately swept wing sections. These thinner bodies are viable within this design space, with
wings compensating for reduced fuselage lift. Configuration IV also exhibits a considerably
smaller nose than any of the previously observed designs. This is reflected in its maximum surface temperature, which lies on the constraint boundary.
An overall view of optimal subgroups is displayed in figure 7.6, with the inclusion of wing
design variables. Note that the body design space remains the same as the lifting-body optimisation, and thus direct comparisons between resulting designs can be drawn. A reduction in
fuselage width is evident, with wings producing enough lift to allow an increase body fineness
ratio. Trade-off designs retain a relatively high width however, maximising body lift and internal
volume to retain reasonable payload fractions. Optimal payload designs contain longer fuselages with high fore-body distribution compared to other subgroups, preferring bulkier shapes
over maximum width. Large base regions are present amongst the majority of designs, maximising usable volume while maintaining aerodynamic efficiency.
In terms of wing design, lateral static stability remains a key driver, with low dihedral present
across the majority of initial wing partitions, minimising the impact of perturbed sideslip. Root
chords remain high across subgroups, with maximum mass employing larger tip chords in combination with reduced outboard partition span. Optimal aerodynamic efficiency unsurprisingly
shows higher usage of large span partitions combined with high rearward sweep, while all designs typically employ a reasonably high wing leading edge offset to ensure static longitudinal
stability.
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Figure 7.4: Pareto front visualisation of wing-body optimisation

7.4

Conclusion

This chapter brings together the analysis and optimisation methods discussed previously to conduct global multi-objective, multi-disciplinary design optimisations of full super-hypersonic vehicles. The previously introduced wing and aerofoil generation techniques are combined with
a versatile parametric fuselage generator, allowing the optimiser to produce novel and diverse
results. The low-fidelity aerodynamics module is combined with a RLV/HST mass estimation
technique, enabling trim characteristics and payload fraction to further quantify overall vehicle
performance and optimality.
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(a) Configuration III

(b) Configuration IV

Figure 7.5: Trade-off designs with surface temperature distribution at Mach 8 from tri-objective
wing-body optimisation
To allow for a large design space to be implemented, without producing undesirable or infeasible
designs, a robust constraint handling technique has been utilised, allowing geometric and performance based constraints to be enforced directly, rather than placing overly tight boundaries
on the design space. Since the combination of large design space and stringent constraints can
lead to a highly non-linear objective space, an improved variable constraint tolerance method
has also been implemented. This allows violating configurations to be chosen in the various
selection processes during the early phases of the optimisation, avoiding the over dependence
on constraint function minimisation that often leads to pre-mature convergence of the optimiser.
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Figure 7.6: Parallel plot displaying mean and quartiles of normalised fuselage (upper) and wing
(lower) variables representing 10th percentile performers in each cost function, and trade-off
designs

Results are shown for a multi-objective multi-disciplinary design optimisation, where arbitrary
lifting-body and wing-body design spaces are analysed in terms of mass, aerothermodynamics
and trim conditions for typical cruise and max-Q flight states. Uncertainty is included in terms
of aerodynamic efficiency to ensure that designs are not being over optimised for a specific design point. Realistic constraints are enforced in order to increase the viability of output designs,
with further analysis disciplines such as trajectory and propulsion models sought to build upon
this in future work.
Overall, the wing-body design space exhibits poorer convergence characteristics than the liftingbody case, which is observed from comparison of the resulting Pareto fronts. This is somewhat
expected due to the considerably increased number of optimisation variables required for wing
design; in terms of both partition planform shape, and aerofoil definitions necessary for inboard
and outboard sections. Nonetheless, the non-linearity induced by merging wing-body shapes
also plays a major role in convergence. Future work should therefore attempt to define fuselage
and wing/tail surfaces in a more continuous fashion, to enable the optimiser to search the design
space more efficiently. Such an approach would have the added effect of producing more realistic joint sections between the two surfaces, providing a better understanding of aerodynamic
efficiency, and allowing interpolation methods to be more readily applied, if such sections are

CHAPTER 7. GLOBAL SUPER-HYPERSONIC VEHICLE OPTIMISATION

179

continuous in nature.
Furthermore, combining these design spaces to allow both lifting-body and wing-body designs
in a single optimisation should be considered. This has been experimented with in the current
research, however the binary nature of this problem is not suited to continuous optimisation
methods, requiring either a continuous design space as discussed above, or a hierarchical optimisation technique.

Chapter 8
Conclusions & Future Research
The overall goal of this research was to develop robust tools for large design space exploratory
optimisation of super-hypersonic vehicles. The author’s first hand experience of iterative design
cycles has shown the inefficiencies and over reliance on experience, and/or a pre-existing design.
The world is becoming increasingly data driven, and modern day computational power allows
for huge parametric studies and optimisation work to be carried out. While many aerospace
organisations have embraced these methods within the design process, they are often limited in
scope, and do not allow for the assessment of novel configurations. In doing so, the relative
performance of designs, whether it be at the beginning or end of the design process, cannot be
quantified in a global context.
The current framework has therefore been developed in an attempt to provide such context; allowing global design spaces to be thoroughly analysed, and initial designs output based on entry
level performance modelling. This ability to rapidly quantify high performing regions of arbitrary design spaces has far reaching applicability, with high-speed transport and reusable launch
vehicles being the focus of this research, due to their historical stagnation and high variability
among current concepts. The high cost and risks associated with these design processes should
therefore seek to maximise the available computational power to explore novel designs, and
identify design characteristics with promising performance.
The ability to generate and analyse these global design spaces requires a high degree of flexibility in the chosen methods. Design variables for the various geometric components must be
capable of generating a wide scope of possible designs, in a consistent manner that does not
introduce unnecessary noise within the resulting cost function space. Analysis methods must be
capable of quantifying performance regardless of the input geometry, handling various nuanced
and non-standard shapes.
Such methods have been incorporated here, along with optimisation procedures that promote a
180
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diverse search of designs, while ensuring the combination of large design space and low-fidelity
analysis methods are not exploited to produce mathematically optimal, but real-world infeasible
designs. This approach of quantifying optimality subject to feasibility constraints is absolutely
necessary to minimise inaccuracies produced by low-fidelity analysis methods, and over optimisation of the disciplines analysed, at the expense of others.
It must be emphasised that this research is only a starting point, with a number of improvements
in existing architecture, along with implementation of further analysis and optimisation methods required to reach meaningful results in an industrial context. This work has focussed on the
initial ground-up development of the necessary framework, prioritising the key requirements of
vehicle generation, aerodynamic analysis, and optimisation tools. These implementations have
been benchmarked and validated to ensure their fitness for purpose within the context of global
design optimisation, before carrying out such problems for a number of design spaces. Branches
of this research have extended into further analysis modules, along with multi-fidelity optimisation, scratching the surface of areas under constant development within the wider engineering
community.

8.1
8.1.1

Analysis & Optimisation Modules
Aerodynamics

The scope of this work required rapid analysis to be carried out, with thousands of designs requiring performance characterisation in a given optimisation. Moreover, analysis methods had
to be capable of producing reliable results for arbitrary designs, considering the envisaged large
design spaces and heuristic optimisation techniques employed. Low-fidelity, panel based methods were therefore selected for aerodynamic analysis, allowing performance to be derived in a
rapid fashion from freestream flow and surface properties alone.
A number of inviscid methods were implemented for the various combinations of inclination
angle and geometric components anticipated in this work, allowing the relevant physics to be
appropriately estimated. Their implementation allowed situation dependent default techniques
to be set, with relevant checks in place to enable autonomous method switching on a panel by
panel basis, if defaults were inappropriate. The inclusion of viscous methods allowed local approximations of skin friction and surface temperature to be made, further quantifying vehicle
performance and feasibility.
Various validation cases were considered, comparing the implemented methods to experimental
and CFD data found in literature. These captured body shapes, lifting surfaces and overall
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vehicles; verifying correct implementation of the described methods, and validating their use
within a conceptual design context.

8.1.2

Optimisation

In tandem with analysis methods, the envisaged large design space exploration in this research
required the implementation of versatile, rapid optimisation methods. Particle swarm was therefore selected as the primary optimisation technique in this work, due to its population based
nature, and improvement over similar methods when employed within continuous design space
problems. Both single and multi-objective variants were deployed, with a focus on diversity
throughout.
Constraint handling also factored heavily into the development of these techniques, with both
penalty and adaptive tolerance methods utilised. The combination of exploratory design spaces
and highly constrained optimisation problems required effective determination and handling of
violating designs, allowing infeasible regions of the design space to be investigated for pockets
of feasibility. Appropriate handling of such designs ensures optimisations are repeatable, and
not dominated by the first non-violating solution.
The developed optimisers were tested against industry standard population based methods, for
both constrained and unconstrained single and multi-objective problems. Performance gains
were evident for the single-objective case, with the developed PSO either finding the global
optima more reliably than other methods, or showing similar performance with a drastic reduction in cost function calls. Multi-objective PSO results also demonstrated equal to or better
performance than industry standard methods, although both performed well for the given problems. Local optimisation methods were also employed, providing a further comparison within a
relevant aerodynamic optimisation, which is recounted in the proceeding section.

8.2

Low-Fidelity Global Aerofoil Optimisation

Stemming from initial wing optimisation work, in which produced aerofoils performed well for
the given cost functions, but were clearly infeasible in a real-world context, this research focussed much more on aerofoil optimisation than initially anticipated. The naive assumption that
defining optimality alone would result in well behaved geometries led to additional focus being
placed on constraint handling techniques, which are vastly under reported in similar research.
Ensuring feasible designs are output requires either appropriate constraints, or limiting design
variable boundaries. While the latter maybe be acceptable in local optimisations, the potentially
vast reduction of feasible design space means that it cannot be considered global, regardless of
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the optimisation method employed. Furthermore, placing such limits on constructive aerofoil
methods vastly under utilises them, with deformative approaches from an initial design likely
more suitable.
To benchmark the various generative aerofoil methods implemented, and validate their respective design space boundaries, shape optimisations were carried out, in which target aerofoils
were to be replicated as closely as possible by each method. A large database of pre-existing
designs was used for this, providing a robust validation test. Furthermore, these designs allowed
feasibility constraints to be derived and validated, enabling their use throughout the remainder
of this research.
Following this, aerodynamic aerofoil optimisations were carried out for both single-objective
PSO algorithm, and a multi-point local optimisation technique. These optimisations were repeated multiple times for varying starting points, with the PSO algorithm producing improved
aerofoils on each occasion compared to the best local results, while also showing a high level of
consistency across runs. This provided further verification of the implemented optimiser, showing its fitness for purpose in a relevant optimisation problem.
While this consistency in aerofoil performance, combined with little variation in physical aerofoil shape, increased confidence that the globally optimal region of the design space had been
found, it was acknowledged that this may not be the case for increasing fidelity. This hypothesis
proved to be the case, with the disparity between fidelities particularly stark in the baseline case;
where perceived improvements with respect to the baseline design in fact showed a performance
degradation when analysed using high-fidelity methods.

8.3

Extension to Multi-fidelity

A logical continuation in the form of multi-fidelity optimisation was therefore conducted, allowing high-fidelity analysis to be integral in defining optimality throughout. To achieve this, a
number of considerations had to be taken into account; namely automating the usage of highfidelity solvers in a reliable and efficient manner within the overall optimisation process. Opensource grid generation and CFD software were employed through interfaces to the developed
framework, with their usage validated by a parametric study in comparison to CFD data found
in literature. To maximise the probability of convergence in automated CFD analysis, the previously derived geometric constraints were used as requirements, ensuring only well behaved
aerofoils could be considered for such analysis.
Maintaining a global design space with regions of infeasibility therefore led to the implemen-
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tation of a probabilistic surrogate model, allowing selective sampling to predict the difference
in performance metrics between low and high-fidelities within regions of interest. A two level
design of experiments was also implemented pre-optimisation, first testing a large sample population for geometric constraint violations, before selecting a diverse subset of feasible designs
to generate the initial surrogate model.
Promising aerofoils were selected for high-fidelity analysis during the optimisation, in order
to quantify uncertainties within the surrogate, confirming or rejecting the candidate aerofoil as
the best observed so far. The predictive model was then updated to reflect the new observed
data points, increasing prediction accuracy in explored regions. Initial usage of these techniques
provided unsatisfactory results; often showing performance degradation in output aerofoils compared to CFD results of low-fidelity optima. This premature convergence was tackled by tending
model predictions toward lower confidence boundaries during periods of optimisation stall, enabling more regions of the design space to be analysed; finding pockets of improved performance
where limited sampling produces speculative predictions.
Multi-fidelity results proved a consistent improvement over low-fidelity analysis alone, demonstrating the usefulness of selective high-fidelity sampling in a predominately low-fidelity optimisation, when appropriate surrogate model techniques are employed. Furthermore, the methods
invoked to maintain a global design space, while only requiring a relatively small number of
high-fidelity observations to produce consistent results, show promise for further use within
large design space optimisation work.

8.4

Multi-disciplinary RLV Wing Design Optimisation

With aerofoil generative methods, design variable boundaries, and feasibility constraints validated and successfully utilised within an aerodynamic optimisation, extending this research to
three dimensional configurations was the natural next step. An initial wing-body generator was
developed; defining wings on a planform partition basis, and fuselages from nose, constant cross
section aft-bodies, and interpolating between them to determine fore-body shapes. This allowed
for an approximate model of a previous RLV concept to be created, which was utilised for aerodynamic validation as well as a baseline configuration to benchmark designs in an optimisation
context.
Structural considerations were taken into account for this baseline RLV wing optimisation, in
which an approximate wing-box model was reduced to a 1D span-wise beam. Variables defining
the wing-box model were incorporated within the design space, allowing minimisation of mass
to be considered as an objective function within the optimisation, subject to structural integrity.
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A mapping technique was required to transfer aerodynamic loads to the 1D structural model,
and resulting displacements and rotations back to the aerodynamic mesh, along with an iterative
technique to converge the overall aerostructural system. Wing-box failure criteria were defined
in terms of material allowables for each skin and spar panel, with failing configurations continuing analysis in a rigid manner, allowing infeasible designs to tend towards feasibility, as opposed
to employing a "death penalty" approach.
A multi-objective, multi-disciplinary design optimisation was carried out, with aerodynamic performance, trim angle, and wing mass defining optimality. Wing planform, aerofoil sections, and
wing-box variables formed the design space, with constraints ensuring geometric and structural
feasibility, along with performance characteristics relating to the baseline design. A number
of nuanced designs in terms of wing and aerofoil shape were output, with structural designs
showing a high degree of convergence.

8.5

Global Super-hypersonic Vehicle Design Optimisation

The final piece of optimisation work carried out in this research focussed on a full parametric
representation of lifting-body and wing-body vehicles. To achieve this, an improved fuselage
generation method had to be employed, allowing considerably more control over designs compared to the constant cross-section method previously defined. Merging of wing-body vehicles
was also updated, to provide a more consistent definition of design variables within the optimisation.
System level characteristics were incorporated within vehicle analysis, utilising a component
sizing and mass estimation framework developed specifically for HST and RLV configurations.
This allowed trim characteristics to be determined for the wide spectrum of possible designs,
along with estimations of payload and fuel fractions. Simple feasibility checks could also be put
in place, ensuring internal fuselage volume was sufficient to house these estimated values. Further constraints were put in place regarding maximum allowable temperature, as well as static
longitudinal and lateral stability derivatives, providing a vast improvement in the feasibility of
output designs.
A number of methods were employed to avoid over-optimisation at design points, and appropriately handle violating geometries found during the optimisation. In particular, direct performance cost functions were replaced by statistical variants; analysing vehicles at slightly off
design points, to incorporate uncertainty characteristics and reduce dependency on rigid flight
states. Constraint handling techniques discussed in chapter 3 were updated to provide a smoother
reduction of constraint tolerance throughout the optimisation, allowing infeasible characteristics
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within configurations to be further explored and tended towards feasibility, rather than prematurely discarded.
Optimisations were carried out for lifting-body and wing-body design spaces, with objective
functions encapsulating aerodynamic efficiency, vehicle mass and payload fraction. A diverse
population of optimal designs was produced, despite the highly constrained cost function space.
This provided further demonstration of the developed framework’s capability; producing highly
competitive Pareto fronts from large design space optimisation problems, that consider a number
of intertwining disciplines to determine optimality and feasibility.

8.6

Continuation of Implemented Methods

The majority of future work unsurprisingly revolves around improving existing methods, and
incorporating further analysis disciplines within the overall optimisation framework. The research carried out here has been intentionally broad, attempting to build a framework from the
ground up which encompasses geometry definition, optimisation techniques, multi-disciplinary
and multi-fidelity analysis methods. In covering this ground, there are many unexplored nuances
and combinations of methods that could be analysed further. The proceeding discussion is by
no means exhaustive, but it captures some aspects that would be powerful additives with relatively little effort required, along with some more vague ideas that require in-depth thought and
planning. Furthermore, this discussion is mostly limited to areas which the author finds most
interesting, both personally and with respect to furthering the state-of-the-art. Essentially, the
developed framework could be pulled in any number of directions, with the following acting as
a roadmap of where the current author would journey.

8.6.1

Geometry

One of the main goals of this research has been to open up the design space as much as possible, and quantify infeasible designs instead of setting arbitrary variable boundaries that enforce
predetermined behaviour. With the exception of tailplane surfaces, the design space employed
in chapter 7 is about as large as a continuous design space could be; parametrically defining the
entire wing-body. Of course, many more variables could be added to increase control over each
component, but the general scope would remain the same. However, a design space with discontinuities, and potentially hierarchical in nature, would allow multiple types of configurations
to co-exist in the same optimisation. This was experimented with in the current framework;
attempting to allow both wing-body and lifting-body designs, by removing wings below a set
span. However, due to the highly constrained design space, this consistently resulted in the first
type of non-violating configuration to dominate the Pareto front.
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Instead of mimicking binary decisions using a continuous variable, it is much more logical to use
a discontinuous values to make decisions at a system level. This would allow an interchangeable
parts approach, with a number of competing designs in terms of wing-body, lifting-body, and
tailplane configurations. Decisions variables could define further system level characteristics,
such as propulsive systems or the integration of a body flap.
A number of geometry elements could therefore be added to the design space, which require
little effort in modelling. The most time consuming part of including additional surfaces within
large design optimisations is ensuring their consistent integration; accurately modelling boundary regions, and avoiding interference with other independent surfaces. Tailplane configurations
for example, which have been experimented with in the current research, would require some error proofing to avoid intersections with wing surfaces. With this in place, their design variables
remain consistent with those for wing generation, and could be merged with the fuselage using the existing toolset. In terms of optimisation implementation, a hierarchical design variable
could define configuration (conventional, vertical only, twin, v-tail), with additional variables
specifying radial angle as required.
Continuity
One of the more frustrating aspects of this work was the merging of wing and fuselage surfaces.
With large design spaces unable to guarantee consistently intersecting parts for all combinations
of wing, fuselage, and aerofoil parameters. Discarding designs that could not be immediately
merged would introduce a large amount of noise within the optimisation, and therefore an iterative technique was employed to fix such designs, allowing performance analysis to be carried
out. This method is by no means perfect, and will also introduce some noise to the overall
optimisation, since design variables have to be altered in the process. Further work is required
to streamline this amalgamation of parts, potentially leading to the implementation of single
wing-body definition, removing the combination process altogether. This would allow design
variables to be directly mapped onto output designs, while further aligning the framework with
wider research, due to the increased interest in blended wing-body vehicles.
Continuity over component merging provides little benefit without continuous definitions of the
individual components. In terms of wings, this could be achieved by smoothing known discontinuous regions, ie. partition joints, wing-tips and trailing edges. A generally improved
definition would be the removal of individual partitions; instead defining the wing from spanwise polynomials, with aerofoil sections and chords defined at discrete positions. A distribution
function could also be employed in terms of span-wise chord, providing further continuity across
the wing.
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Further control can be gained over the fuselage using a polynomial definition as well, which
has been experimented with in the present work. Hermite fuselage definitions, which have been
employed in previous works such as Dirkx and Mooij [24], produce piecewise continuous surfaces from a series of longitudinal control point sets. This allows for a broad set of shapes to be
generated, with increasing number of control points in either longitudinal or lateral dimensions
providing increased control as required. The implementation of this method requires robust constraints to enable both lifting-body and slender designs to be created in a single design space, but
it importantly provides continuity over the full surface, in both dimensions, through the use control point derivatives. Hermite polynomials have been used for fore-body definitions in chapter
6, using nose and aft-body positions as control points to provide continuity. Full fuselage definitions were also tested prior to employed the class shape function approach in chapter 7. The
intuitive design space definition of Hermite control points in this application is a cylindrical coordinate system with z axis aligned with body centreline, with control points sets to be placed
at various z locations, varying in radial distance r and increasing azimuth angle θ . This allows
simple constraints to be established, and scope to reduce the design space complexity by fixing
consecutive longitudinal control points at a constant radial angle.
Finally, prioritising continuity among geometry definitions and their intersecting boundaries
would also allow improved characterisation of surface flow through proper usage of integrated
streamlines, as discussed in section 2.5. Works such as Kinney [36] present a good application
of this, also demonstrating the intense work required to guarantee appropriate mesh generation
for arbitrarily generated designs.

8.6.2

Analysis Methods

As discussed in chapter 5, employing low-fidelity analysis methods alone may lead to misleading results. This could be dealt with in terms of multi-fidelity optimisation in the 2D aerofoil
case, due to their consistency in terms of chord, and geometric constraints that increased the likelihood of convergent CFD solutions. However, the scope of design space employed in the three
dimensional problems of chapter 6 and 7, is far beyond the current automated meshing state-ofthe-art. To limit the effects of relying solely on low-fidelity methods, uncertainty considerations
and multiple flight states were employed. Nonetheless, extending to three dimensions from the
work in chapter 5 should be experimented with. Relatively little research has been carried out
employing multi-fidelity aerodynamic methods within population based optimisers, due to the
aforementioned difficulties in automating high-fidelity analysis of large design spaces.
The methods used in this work serve as a stepping stone towards such problems, allowing only
designs that pass well defined geometric tests to be analysed using high-fidelity methods. Combining these constraints with those relevant to three dimensional bodies should allow for a sim-
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ilar implementation, although rigorous testing will be required to ensure accurate analysis can
be obtained for feasible regions of the design space.
This work should be slowly grown out of the design variables used in chapter 5. For example, beginning with a constant planform shape that only varies in aerofoil cross-sectional shape,
which should again be constant across the wing span. Once reliable automated meshing and
analysis can be carried out for the constant planform case, experimentations can be made with
varying aerofoil section from root to tip. As a final step, planform variables such as wing span,
sweep, and chord can be implemented. Note that this discussion is limited to a single wing
partition, as a significant amount of work will have to be conducted even for a small number of
additional design variables. It is also important to remember that this work is concerned with
global design optimisation, and therefore a gradient based approach may be preferred if only
a limited design space is to be searched, or automated analysis proves overly challenging for a
larger search space.
As discussed in chapter 6, an improved structural model is required to better capture possible
wing-box formations, and their resulting weight distribution. Improvements to the current model
would include additional spar panels within the box, and variable outer spar locations across the
wing-span. This would be a good starting point, eventually moving away from the 1D beam
model, using physical wing-box locations as structural nodes. Radial basis functions have already been implemented within this framework for interfacing such models with aerodynamic
meshes, and FEM analysis could also be incorporated within a multi-fidelity context.
Employing such methods with arbitrary fuselage shapes, particularly in a blended wing-body
context, also requires further analysis. This work restricted structural modelling to use within
a conventional wing-body configuration only, with a considerable amount of work required to
ensure accurate structures can be deployed in an arbitrary context. Furthermore, improved wing
mass estimations are required with increasing structural fidelity, and should be validated against
RLV and HST configurations if data is available. In the context of global vehicle optimisation,
the inclusion wing-boxes within the design space will supersede the current HASA empirical
method of wing weight.

8.6.3

Optimisation

Once again, a number of options are available for the development of optimisation methods
within the current framework. As already mentioned, implementation of hierarchical design
spaces would allow a variety of subspaces to make up the final design. These design spaces are
much more suited to the genotype/binary nature of genetic algorithms, which are well document
in research, and could be implemented within this work with relative ease.
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Hybridised optimisers are another interesting tool, which have been previously used to combine
GA and PSO algorithms [138], as well as gradient based methods following on from heuristic results. The latter has been experimented with in the current work, but ultimately showed
little performance gains. Instead, gradient methods should be used to further develop Pareto
front particles throughout optimisations, to speed up convergence and allow promising areas of
the design space to be thoroughly explored. This hybridisation could also utilise multi-fidelity
methods, enabling gradient techniques to explore more accurate cost function spaces, following
a given particles confirmation of performance from high-fidelity analysis.
Generally, while the PSO optimisers developed and implemented in this work have performed
well for the given problems, there is much room for improvement within this work and indeed
the state-of-the-art. There are some misconceptions in research that highly constrained, large
design space problems can be solved with similar population numbers as those used for benchmark test functions. This is not the case, and there is little substitute for increased sampling
of the design space. However, PSO algorithms were developed for relatively small population
numbers, making a single global best at each iteration an intuitive approach. The usefulness of
this method drops with increasing population however, overly relying on the best observed particle. In single-objective methods, this is dealt with by weighting local bests much higher than
the global in particle velocity computation. Nonetheless, the idea of a global best in this sense
remains intuitive, since one particle will have a lower cost function than all others. Extending to
multi-objective problems loses much of this intuition, with diverse Pareto fronts being reduced
to a single particle. To increase diversity within this research, two global best particles were
employed, focussing on both ideal trade-off and extremity Pareto front particles.
Going forward, more of the Pareto front should be considered within each iteration, employing a number of interconnected subswarms, as opposed to the star topology typically used in
multi-objective problems. Moreover, some highly constrained, large design space benchmark
problems should be a produced in an open-source context; allowing multiple institutions the
opportunity to contribute towards the state-of-the-art, and enabling such methods to be benchmarked against traditional variants for a number of relevant problems. Efficient selection of best
particles throughout iterations should allow for an alleviation in cost function calls to achieve
the same convergence, thus reducing computational load, and allowing further analysis to be
utilised in defining optimality and feasibility.
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Additional Analysis Methods

To further develop the current framework in terms of low-fidelity analysis, further disciplines
must be accounted for. Each additional form of analysis produces more realistic designs, since
it incrementally captures more of the real-world problem. Even at the most intense levels of
analysis in this work; multiple flight states each requiring a converged aerostructural solution,
the time taken to complete analysis is generally less than one second per configuration. Thus,
vast scope remains in terms of further analysis to determine optimality and feasibility.

8.7.1

Control

A starting point for further analysis modules would be the addition of control surfaces, whether
it be ailerons on wing-body vehicles or a body flap on lifting-body configurations. The former
has already been experimented with in the current work, using variables to define position and
size in terms of normalised wing span. The inclusion of control surfaces allows a more typical
trim routine to be carried out, and provides additional performance constraints such as control
surface effectiveness. Moreover, the ability to deflect control surfaces allows trajectory analysis
to be carried out, which would be a major addition to the current framework.

8.7.2

Trajectory & Propulsion

Obtaining performance data over a trajectory rather than static flight states would open up a number of options in terms of determining optimality, as well as providing mission profile dependent
constraints. In the early phases of this work, a simple re-entry dynamics program was created,
with the vision of analysing unpowered descent phases of configurations generated throughout
optimisations. Unsurprisingly, this proved to be a bridge too far for the current research, but
incorporation of trajectory analysis is absolutely required to further the developed framework.
Nonetheless, employing a rigid trajectory would have a major impact on resulting designs, which
would invalidate much of the research up to this point, by unnecessarily and arbitrarily constraining the design space. Instead, trajectories would have to be optimised as well as vehicle
components; determining designs initially, before performing a trajectory optimisation subproblem. Although this sounds relatively intense from a computational standpoint, a pre-determined
set of flight states could be analysed and used as data points to be interpolated between within
the trajectory subproblem. This pre-determined set would of course have to be bounded by
minimum and maximum trajectory altitude, Mach number, angle of attack, and control surface
deflection. However, the computational requirements of this 4D dataset could be easily quantified, remaining relatively consistent between designs, and the number of internal points could
be manipulated depending on computational resources, to enable rapid trajectory optimisation
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of arbitrary vehicle configurations.
This essentially creates a surrogate model of vehicle aerodynamic performance, with intermediate flight states determined through interpolation of the 4D dataset. Furthermore, in the interest
of utilising computational resources efficiently, performance criteria could be used to determine
whether each design should undergo trajectory optimisation, with poor performers compared
to the previously best observed skipping such analysis. The ability to quantify this would be
objective function dependent, however, assuming a multi-objective cost function space, those
which are independent of trajectory, such as weight or overall aerodynamic efficiency, could be
used to make such determinations.
Of course, some trajectories would require a knowledge of propulsion system employed. This
could be as simple as assuming an additional weight and constant thrust output, to fully integrating engine components within designs, incorporating additional performance models, and
analysing their aerodynamic properties, along with structural effects. Regardless of implementation, the chosen propulsive method would undoubtedly have a large impact on the design space.
Limiting the variability of possible designs to allow for propulsion integration is of course justified, and alleviates some of the computational load in terms of optimiser convergence, allowing
additional focus to be placed on performance characterisation.
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