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Abstract

In engineering fields such as automobile design, optimisation of functional performance properties
often conflicts with aesthetic optimisation. Functional performance feedback into the aesthetic
design software may therefore improve the convergence of the design process. Unfortunately,
many functional performance scores such as aerodynamic drag require intensive computational
effort. We consider the use of machine learning approaches to instead provide estimates of
these functional performance scores. We study the problems encountered when developing such
an estimation function. The use of a historically accumulated data set of STereoLithography-
format designs and their performance scores is suggested. We first look at preparing such a data
set as training data for a machine learning task. Our first major novel contribution combats this
problem in a manner similar to voxelisation. We next look at generating the regression function,
seeking to achieve good generalisation across a large space of possible designs and for a problem
where dimensionality reduction is challenging. Our second major novel contribution deals with
this problem using an ensemble regression framework incorporating multiple data representations.
Finally, we look at strategies of combining these two novel systems into a complete system. Upon

evaluation, we conclude that our original aims have been met by this complete system.
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Chapter 1

INTRODUCTION

In many engineering disciplines a number of performance goals may exist at any one time. These
can be very generally grouped into either functional or aesthetic goals.

Functional goals involve the design meeting some quantitative performance target, such as a
physical property like aerodynamic drag and lift; stability; security; and energy-efficiency. Often
these goals require some physical experiment to be carried out, although with advancements in
computer technology we have seen computers being able to generate high-fidelity estimations
of these functional performance properties using complex models of physical processes (such as
Computational Fluid Dynamics (CFD) simulations in the case of aerodynamic performance, or
Finite Element Modelling (FEM) in the case of stability).

Aesthetic goals, relating to the human-perceived appearance of the engineering design, are
qualitative and subjective. It is important to note that because of this human-subjectivity, it is
unfeasible to expect a computer to evaluate aesthetic design quality to a useful level of fidelity,
especially in a domain that is seeking strictly novel designs.

This distinction in goals leads to a distinction between the types of human designer assigned
to each task. In the case of optimising functional performance, a talented engineer with an
understanding of the underlying functional process is usually required. He/she should be able to
make a reliable assessment of the design changes required to make improvement to the particular
functional performance goal. On the other hand, aesthetic optimisation is carried out by a
talented artist, able to make artistic changes which will improve the design’s quality the most
according to their personal and subjective view.

Under the popular Concurrent Engineering design methodology, the preference is to build



integrated design teams that are as cross-functional as possible [83] [73]. In practice, some
divisions may always remain, such as the separation between artists and engineers (as artists will
prefer not to have engineers watching over and directing their work) which then causes separate
teams to emerge, and the concurrent engineering design process becomes iterative [83]. We then

understand that:

e These teams are in practice mutually exclusive.

e Fach team does not possess the knowledge needed in order to fully understand the work

of the other team.

e Each team may perform design modifications which conflict with the other team’s design

goals and modifications.

According to researchers at the Honda Research Institute, these frictions lead to a slower en-
gineering design optimisation process, with the changing design being passed back and forth
between the aesthetic and engineer teams many times. With management pushing for shorter
design-to-market time-frames, this inevitably leads to some compromise on the part of each
team’s objectives.

A question then arises from this problem: can we aid the engineering design process, speeding
it up, reducing the design-to-market time-frame, and also reducing the need for design compro-
mise from the design teams?

An obvious solution is the integration of some useful functional performance feedback into
the design software of the aesthetic designer, indicating the effect that particular design decisions
may have on the design’s functional performance (and thus, the functional performance team’s
goals).

As an example, with this system in place, the engineering team may pass a design to the artist
team for aesthetic optimisation, with the guiding instruction that a given functional performance
score is to be only preserved or improved, and under no condition worsened.

The functional performance feedback system could then indicate to the artist the functional
performance of the design in its current form, and hence they can judge whether this constraint
has been maintained. Further this data could be embedded into the design representation within
the aesthetic design software, indicating which regions of an engineering surface design could be

modified for the optimal functional performance change.



The main problem we will encounter with this, is that for many functional performance
properties there exists no evaluation that can be performed so fast that it wouldn’t result in a
large slow-down in the aesthetic designer’s progress. For example, a typical CFD simulation can
take hours or days depending on the fidelity sought, during which the aesthetic designer would
have to wait in order to assess properly their current modifications.

We will see in the following chapter that in the fields of automated optimisation it is common
to use the output of a machine learned function, such as a neural network, as an estimate of the
functional performance value. This machine learned function bases its estimate on a training
data set of inputs and outputs from the same problem domain.

In this thesis we will look at the major challenges found in generating an estimation function

for this purpose and attempt to resolve these problems using novel approaches.

1.1 Guiding questions
Here we will list five core questions that will be answered during the course of this thesis.

1. Question: How can we generate estimations of functional performance for use in the
aesthetic design process of an engineering firm, with minimal computational cost? Guiding
principle: In the next chapter, we will break this over-arching question into the following

four sub-questions.

2. Question: What problems are encountered when attempting to apply an off-the-shelf ma-
chine learning algorithm to the problem of estimating functional performance of engineer-
ing surface designs for use in guiding the aesthetic design process? Guiding principle:
When trying to implement a system like this using machine learning techniques, what kind
of problems can we expect to encounter, if any. The answer to this question will lead to

the next two questions.

3. Question: How do we acquire a strong data set of training samples for use in this ma-
chine learning task, containing relevant knowledge for guiding the aesthetic design process?
Guiding principle: Machine learning algorithms typically assume some bank of training
data is available from which to learn the input to output relationship. Sampling plans

can often lead to data sets that are informative, but not necessarily fit for purpose. In



1.2

engineering surface design it is not unreasonable to assume that such a wealth of train-
ing data does indeed exist and also contains knowledge regarding previously interesting
designs from an aesthetic perspective. Unfortunately, this training data usually takes on
a variety of representations which makes it impossible to learn from without some careful

preprocessing.

Question: How do we generate a regression function with good generalisation for a highly-
non-linear and non-uniformly sampled problem with multiple sub-spaces of interest? Guid-
ing principle: Human designers are difficult to predict and may radically alter a design,
transforming it into a completely different subspace of the design space. This means that we
must be ready to estimate functional performance across a large space of possible designs.
Fortunately, only a subset of design features affect functional performance |34, 48| 42]. For
a given artist or design-style we can then expect that a further reduced subset of these
features may be modified by a human designer [56], 125]. Unfortunately, the exact subset
changes throughout the space of possible designs, making dimensionality reduction and

regression difficult.

Question: How can we provide a system which human designers can place trust in and
extract the most utility? Guiding principle: Many machine learning methods from
computer science result in an function which is somewhat mysterious and “black-box” like
(i.e. from the user’s perspective it is merely presented with an input and an output is
produced: the inner workings are not seen). Such a system can be difficult for a human
who is expert in a particular field (such as aerodynamics) to place trust in. Further,
they cannot easily acquire any meaningful information from the learned system. We are
interested in methods which maximise the potential for a human engineer to acquire some
information, and in methods which they can trust due to some level of transparency in the

system.

Contributions

. The problem. A novel problem is described and a method of generating an experimental

data set exhibiting the problem’s properties is provided. The solution to the problem is



divided into two sub-problems handled in separate chapters.

2. A novel representation conversion approach suitable for manifold-learning ap-
proaches of dimensionality reduction. We present a novel method of preprocessing
the varied data set in order to generate a representation suitable for machine learning.
We give an example of a problem under-researched in the literature and demonstrate the
power of manifold learning techniques in solving this particular problem. This involves a
novel study of the application of a particular manifold learning technique to an engineering

problem.

3. Ensemble of expert regression functions with expert-specific representations.
A novel framework is described for dealing with the core problem described. It is shown
through experimental analysis to be the best option considered from a selection of ensemble
regression approaches. We justify why this may be the case and suggest compelling reasons
why this method may be the best choice for somebody considering setting up the system

described in this thesis.

4. A complete framework for generating a functional performance estimation func-
tion based on a non-uniformly sampled data set of diverse designs in varying
representations. After confirming that the novel solutions to the two sub-problems work
well in isolation, we demonstrate how they may be combined effectively in order to take a
varied data set and generate from it a functional performance estimation function which can
be reliably used in engineering tasks. We take the opportunity to make some suggestions

regarding the actual integration of the system into the aesthetic design process.

1.3 Thesis layout

The structure of the remainder of this thesis is as follows:

Chapter 2 describes the problem central to this thesis in more rigour. We put forward a
motivating example of a real-world engineering surface design task demounstrating the problems
central to this thesis and review the literature related to this top. In particular we take inspiration
from the field of surrogate assisted evolutionary optimisation in dealing with this task. Following

this inspiration we look at machine learning and formulate the problem in terms of a machine



learning task. We describe the key properties of the problem described thus far, answering
in particular the second guiding question mentioned above. We round off the chapter with a
mathematical formulation of the problem and a description of the performance evaluation scores
used throughout this thesis’s experimental studies.

Chapter 3 outlines known approaches for the problem of preprocessing the data set (such
that it is in a uniform representation) and subsequently performing dimensionality reduction on
it. We discuss the synergy between these two tasks and the benefit of using a particular family of
dimensionality reduction techniques (manifold techniques). We then describe the generation of
two test data sets used in particular experiments within this thesis: a realistic automobile data set
and an artificial data set featuring a property we are interested in. We present a novel method of
generating a uniform data representation with low computational effort and compare two families
of dimensionality reduction on this data representation, answering the third guiding question and
paying attention to the fifth guiding question. Empirical results using the experimental data sets
are provided and key comparisons are made in order to draw conclusions regarding this novel
method.

Chapter 4 outlines known approaches towards solving the problem of machine learning a
regression function for the problem central to this thesis. We pay particular interest to ensemble
methods. We then present a novel ensemble framework combining dimensionality reduction and
clustering as an answer to the fourth guiding question but also paying attention to the fifth
guiding question. We justify the use of our framework and perform empirical experiments using
our novel framework and the experimental automobile data set.

Chapter 5 demonstrates how the novel solutions to sub-problems in chapters 3 and 4, proven
to work in isolation, can be combined with dimensionality reduction methods in a framework.
We perform empirical experiments using multiple methods of combination and the experimental
data sets in order to draw conclusions. We also suggest methods of integrating the system into
the aesthetic design process. This chapter seeks to answer first guiding question, while, like its
predecessors, paying attention to the fifth.

Chapter 6 concludes this thesis and summarises the novel contributions and significance
of the work. We then describe the limitations of this work and suggest some further research

directions which could be taken to further the research in this field.



Chapter 2

INTEGRATING FUNCTIONAL

PERFORMANCE INTO AESTHETIC DESIGN

In this chapter we will consider how we can include functional performance information in the
aesthetic design process, drawing inspiration from surrogate assisted design optimisation. A real-
world motivating example is provided and the particular challenges that make our task difficult
are described, setting us up for the following chapters where solutions to these challenges are

developed.

2.1 A motivating example

For an example of an engineering surface design task such as that described in the chapter [I} we
look at the domain of automobile design. All of the claims in this section regarding automobile
design have been accumulated through interactions with the researchers tackling related problems
at the Honda Research Institute Europe, Offenbach, Germany.

Automobile design optimisation can be very broadly grouped into functional and aesthetic
objectives. The functional performance of an automobile design can have major impacts on
the experience of the user (for example its speed; acceleration; handling; safety; and energy
consumption). A prominent and specifically interesting functional property is the aerodynamic
drag of a design, which acts as a frictional force, affecting (amongst others things) speed and
energy consumption. Typically, designers will seek to minimise this force. The aesthetic quality

of an automobile is self explanatory and totally subjective.



Optimally, aesthetics and functional performance should go hand in hand. Unfortunately
the two design teams optimising for these objectives almost never share designers, assuming an
automobile company has sought the most talented individuals to be in these teams. Seemingly,
they each optimise very different properties of the design, but being teams of very different
designers it should be expected that they show very little regard for the work of the other (a
rivalry could even develop) [92].

In such a situation, a number of options exist:

1. Implement an iterative design cycle, where the design is passed between the teams for
optimisation. Assume that some converged design which is satisfactory to both design

teams will be met.

2. Have teams rank and inform each other of features which they believe are important to

their particular goal.
3. Have the teams supervise each other during optimisation.
4. Integrate performance information into the design software in order to either/both:

(a) Inform designers of the effect of their changes on the other team’s optimisation goals.

(b) Suggest to designers features of the design which have little effect on the other team’s

optimisation goals (similar to the second option, feature ranking).

The first option is what is performed in practice. Each team works effectively in isolation from
the other, waiting on the other to perform their next iteration of design optimisation (aesthetic or
functional). Some information from a team such as “please preserve feature x” may be supplied
to the other team but such an approach can severely stifle the progress and novel creativity of
a team, which has a direct effect on the length of the design-to-market phase of the product
development and the quality of the final product.

The second option tries to relieve this stifling effect by being less restrictive and giving the
other team some indication of which features they should try adjusting before other features.
Unfortunately human designers are prone to focusing on only a small subset of features which
they know are important, and thus may be over-defensive of a small set of the most important
features, while less caring of other features. Further we cannot feasibly expect a human designer

to rank every single feature of a design.



For human designers the third option can be an irritating prospect. Especially as it is
likely that, for example, a designer from one team may be very defensive about design decisions
they made previously and try to preserve these through the supervision of the other team’s
optimisation.

The fourth option appears best as:

1. It succeeds in introducing the optimisation goals of the other team into the design process

of one team.

2. It avoids human bias towards particular features, giving a balanced appraisal of the effect

each feature has.

3. It is far less invasive than having another human designer supervise you and its advice can

be more easily disregarded allowing creative freedom.

4. Automobile designers working with the Honda Research Institute have requested such a

system.

A computational design assessment system is thus a good solution for us to investigate.
The benefits of introducing the performance information relating to other team’s goals into

the design process of a particular team impact on both industry and consumer:

e From an industry standpoint, improving on the iterative design cycle method would im-

prove the profitability of a design by bringing it to market sooner.

e From a consumer standpoint, if both teams can work with greater respect to the others

goals, then automobile designs of superior quality can be found.

Assessing the aesthetic quality of an automobile is not a trivial task and it is unfeasible to expect
that a computational system capable of doing this will be available in the near future, although
work has been conducted in this area [26), [78], 88]. This is simply due to the subjective nature of
aesthetic quality. Different artists often favour vastly different designs, and even if that were not
the case, aesthetic quality is a challenging function to understand and a very difficult property
to quantify.

Fortunately, for assessing functional performance of an automobile (e.g. the aerodynamic

properties) systems often already exist. Computational Fluid Dynamics (CFD) is the name



given to the family of particle simulation software which can be used for, amongst other things,
estimating to a high fidelity the aerodynamic performance of a design (which otherwise must
be measured using a physical experiment such as a ‘wind tunnel’ experiment as shown in figure
2.1). In the second image of figure [2.2] we see the rendering of the airflows around a vehicle
design, with the velocity at each point in each flow being indicated by the heat-map colour.
A popular open-source CFD suite is OpenFOAM [36], although many high quality commercial
options exist.

Despite CFD being a simulation-based approximation of a physical process, the results are
very good, although they depend on a number of parameters. Of particular importance is the
construction of the cell-mesh used for the simulation of the particle movements and pressures etc.
In the top half of figure 2.3 we can see the 2D mesh around a vehicle design. Another important
issue affecting CFD fidelity is that is is an iterative process which requires the simulation to
converge, which can often push the time required for a single modest-fidelity simulation into
hours, and for a high-fidelity simulation days may be required, perhaps weeks.

The artistic designer (and the organisation they are working for) cannot afford to wait an
hour after each change to see what the predicted aerodynamic effect is. Nor can they afford to
wait n hours while the effects of n modifications on aerodynamic performance are assessed.

Shortly we will learn of surrogate assisted design optimisation. From this, we will conclude
that a good option is to create an approximation of the functional performance (e.g. aerodynamic
drag) which is computationally quick to perform. We will expect to trade accuracy for speed
and so the approximation we aim for will be considered an even lower level approximation of the
physical process than CFD itself is.

Many automobile manufacturers have a long history of design and have in recent years been
accumulating designs and their functional performance scores during iterative design processes.

We will consider using these to discover the knowledge required by our approximation.

2.2 Solutions for automated design processes

We have identified that the nature of aesthetic optimisation implies that that the process is
human-driven. Despite this, it is of interest to look towards automated design optimisation

systems and see whether a similar problem is encountered in that field, and if so, how it is dealt
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Figure 2.1: Photo of a wind-tunnel experiment involving a scale model of an aeroplane (source:
"Windkanal" by JeLuF - http://en.wikipedia.org/wiki/Image:Windkanal.jpg. Licensed under
Creative Commons Attribution-Share Alike 3.0 via Wikimedia Commons).

with effectively.

In the field of automated design optimisation, evolutionary optimisation techniques [8] (in-
cluding genetic algorithms, evolution strategies, genetic programming) are some of the most
studied and used for complex functional objectives with multiple modalities.

Assuming some ‘fitness’ function to be minimised, evolutionary algorithms generally involve
searching through a solution space using some stochastic perturbation of a population of solutions
and evaluating each solution by this fitness function.

While powerful methods, evolutionary optimisation techniques tend to require a large number
of iterations (termed generations) before they converge. The speed of the overall process therefore
depends heavily on the computational speed of the fitness function [60]. A slow fitness function
results in a slow convergence, as the optimiser effectively pauses at each fitness evaluation, waiting
for fitness functions to compute.

Non-evolutionary optimisation methods such as stochastic gradient descent [130] and simu-
lated annealing [69], which effectively work on a single solution, have been successfully applied
to aerodynamic optimisation problems (including others with computationally intensive fitness
functions). Evolutionary optimisation methods have also been successfully applied to such prob-
lems [98] but these are typically seen as unsuitable for more complex problems because of the

extra computational overhead required for optimising populations of multiple solutions.
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Figure 2.2: Graphical renderings of simulated airflow around the Honda Civic (European) design.
In the first image, the airflows have been visualised such that the viewer can better understand
what is meant by the term. In the second image, facing the rear of the design, heat-map
colours indicate the velocity of particles at each point of the airflow following the results of a
CFD simulation (source: kindly provided by the Honda Research Institute Europe, Offenbach,
Germany).
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Figure 2.3: lllustration of CFD mesh and CFD solver in action. The top part of the image shows
in yellow the 2D CFD mesh generated for a vehicle design (the vehicle design, a modification of
the Honda Civic (European) used later, is rendered purely for illustrative effect). A CFD solver
operates only on this yellow mesh and in the bottom half of the figure we see the simulated
velocity of particles over the automobile’s surface represented by coloured arrows.

13



2.2.1 Surrogate assisted design optimisation

Driven by this problem, research has been directed in recent years towards measures that can
be taken in order to reduce the time required for the whole evolutionary optimisation process.
The most popular approach is the use of a computationally cheap ‘surrogate’ fitness function in
place of the true fitness function [60), 61].

Usually, this involves finding a function (often through Machine Learning methods) which
approximates as closely as possible, the true fitness function. So long as this surrogate function
can effectively rank the fitness of designs, it will be useful [I19]. Then this surrogate can be
used instead of the true fitness function in some proportion of the fitness calculations during
the optimisation. This approach of using a surrogate function has been successfully applied to
engineering design optimisation problems [126] [138] [34] [68]. The main effect of deploying the

surrogate is a speed-up of convergence in terms of computational time.

Incorporating surrogates in the evolutionary optimisation process

The proportion and regularity of fitness calculations to be estimated via the surrogate has been
termed model-management [45] [62] 32]. Broadly speaking, there are two schemes to this: individ-
ual and generational. Under generational model management, whole generations are evaluated
by the surrogate for some proportion of the generations (i.e. it is determined on a generational
basis), whereas under individual model management, it is determined on an individual basis,
independent of the other individuals. In [45] 62, 32] the authors adapt the proportion of indi-
viduals evaluated by the surrogate according to the estimated accuracy of the surrogate. The
results are positive, seeing an improvement in convergence speed.

A popular approach is to build local surrogates as they are needed depending on the spatial
location of the individual to be evaluated [146, 10T), 102, B32]. This can be realised by non-
parametric methods with fast training phases such as nearest-neighbour regression (as in [32])
or radial basis functions (as in [99]). In [I46] the authors combine a global Gaussian Process
surrogate with local radial basis function surrogates. At each stage of the evolutionary algorithm,
the global surrogate filters the population to find the most promising individuals which then each
undergo gradient-descent optimisation using the local surrogates. This approach has been more

recently integrated into a memetic algorithm framework where individuals of the population are
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optimised individually using local surrogate functions but later collaborate with other individuals
to form solutions which are then evaluated by the original fitness function [55].

The authors of [63] generate surrogates in an interesting manner on each iteration. They
apply k-means clustering to the individuals at each generation, clustering the data. Then they
evaluate the k individuals closest to each cluster centre by the original fitness function. Using the
k individuals and with their now-known fitness scores, they construct an artificial neural network
ensemble and evaluate the remaining individuals using this as a surrogate. They associate areas
of high error in the ensemble with samples for which there exists high variance between artificial

neural network predictions.

Using multiple surrogates

In [411 [80] the authors demonstrate the power of combining multiple surrogates into an ensemble-
surrogate. In particular, in [41] an ensemble is constructed of a polynomial response surface, a
Kriging model and a Radial Basis Neural Network. By looking at the variance between estimated
outputs of each of the three surrogates they are then able to assess the relative accuracy of the
surrogates and generate weights for each (for example, if a surrogate produces output very
different from the other two, it can be judged to have poor accuracy). The weighted sum of the
surrogates is then used as the ensemble output.

In [80] the authors use a simple average of surrogate outputs for their ensemble output
achieving good results. They also develop what they call a ‘multi-surrogate’ framework, where
each individual is optimised locally in a generation according to each surrogate independently
(so with M surrogates, a generation involves M local optimisations of each individual). The best

solution is then carried forward through the optimisation process.

Optimising surrogates for the optimisation process

Optimisation of surrogates is investigated in [57] where neural networks are employed as surro-
gates in evolutionary design optimisation tasks. The optimisation of the surrogates’ architectures
is performed such that the neural networks are capable of being able to learn different problems
of a common domain fast and with high accuracy. Application of the framework to a turbine
blade optimisation demonstrates significant improvement over neural networks which have not

had their structures optimised.
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In [123] the authors investigate the impact of co-evolving the surrogates along with the
evolutionary optimisation. Their framework consists of three components which each evolve
independently: 1) the solutions to the overall optimisation problem; 2) the surrogates themselves;
and 3) the trainers of the surrogates. Importantly, the surrogate trainers are evolved to cause
the most variance between the surrogates functions. The results on randomly generated test

functions are encouraging.

CFD specific examples of surrogate deployment

It is worth noting that there exist some CFD specific approaches to surrogacy [100, 35 [77]. In [77]
the authors use as surrogate a low-fidelity physics based function to approximate the aerodynamic
function of the design. In [35] they take a different and very interesting approach. As CFD is
an iterative process, they are able to interrupt the process after a low-number of iterations. By
training surrogate functions on these partially converged results, and then giving as input the
partially converged results, they are able to cut the computational cost of optimisation algorithms

substantially.

Alternative uses of surrogates

Surrogate functions aren’t always used solely for the task of estimating fitness during the evo-
lutionary search. In [66] the authors perform mathematical analysis on artificial neural network
surrogate trained during the optimisation process in order to determine the sub-space with the
greatest impact on the fitness function. They restrict the optimisation to this subspace reducing
the computational effort required. The authors of [112] look at surrogates of CFD in optimisa-
tion, but interestingly one of the main uses of the surrogate is to perform sensitivity analysis on
the design attributes.

The authors of [109] suggest using a surrogate as part of a probing technique, allowing them
to generate a huge number of offspring in each generation and carry only those who are most
promising according to the surrogate over to the next generation. In [I14]113] the authors suggest
‘informed operators’ as augmented versions of the standard evolutionary operators mutation and
crossover/combination. These suggested operators very generally involve performing a large
number of the original operations, and then selecting the best individual constructed according

to a surrogate.
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Side-effects of using surrogates

Negative side effects do occur, and depend largely on the level of dependence upon and accuracy
of the surrogate. For example, over-reliance on a surrogate function which ranks the fitness of
design incorrectly could lead to poor solutions and result in a slow down in convergence and an
increase in computational time. The authors of [80] [79] term this the curse of uncertainty.
Interestingly, a surrogate function with incorrect ranking isn’t always a bad idea. Some-
times the errors can cause a search to enter interesting regions of the design space which it
may have otherwise not encountered, resulting in the discovery of potentially novel solutions.
The authors of [79] term this the bless of uncertainty. They utilise a separate surrogate (along-
side an ensemble-surrogate) constructed of a low-order polynomial regression model termed the
‘smoothing’ surrogate. This smoothing surrogate is designed to take advantage of the bless as its
simplicity makes it inaccurate and this causes optimisations to enter new areas from which the
main ensemble-surrogate is to learn from and improve. These new areas may contain interesting

designs and help the optimisation to find global minima/maxima faster.

2.3 Related problems in the literature

We now describe other pieces of research relevant to the problem central to this thesis.

2.3.1 Building a regression function to aid engineering surface design

There currently exists no single method of generating a surrogate regression function suitable for
guiding the design choices of a human aesthetic designer. Indeed, the designers at the automobile
firm Honda do not currently use such a system, largely because no system has proven to be
accurate enough to be of use in this manner. Despite this, and its possible benefits, research into
methods of data mining from engineering design data for the purpose of aiding human design is
very scarce.

The authors of [42] look at a related problem where they use a data set of engineering
surface designs in order to generate a human readable decision tree of rules that can be used to
make design decisions. Their approach, which we shall return to in the next chapter, involves
a reference model and representing samples as offsets from this reference model. We will later

see that this approach to converting a data set of surface designs is not suitable to our problem.
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The authors also show how the knowledge extracted can be embedded into the surface design
representation in order to convey useful information to the human designer. In [44] they have
extended this work to allow for the discovery and assessment of ‘design concepts’, demonstrating
their approach on an automobile design problem in order to learn about the relationship between

design concepts and aerodynamic properties.

2.3.2 Guiding human design decisions

Of particularly high relevance to our work is [92] in which the authors build on the field of
surrogate assisted design optimisation in order to develop a ‘designer assistance system’. The
aim of the paper is to show how the designer assistance system may help convergence speed in
the human driven design process. They opt for a simple experimental setup: a shape matching
task where the user is given a rectangle made up of 16 control points and is given the task of
increasing a performance score. The performance score involves a hidden and unknown shape,
and is calculated as the overall similarity of the users shape to this target shape. When the
user selects any control point, the effect on performance of moving that particular point in a
discretised set of possible directions is generated via an artificial neural network and displayed
to the user visually. The user can then make local modifications based on this. It is shown
that human designers produce better designs using this information feedback than they would if
simply being shown the design performance after each design change.

The findings support the significance of our work as they show potential for our approximation
to speed-up the engineering surface design process through guidance of aesthetic design decisions.
Although clearly this task is very simplified and avoids the challenges of real world engineering

surface design problems that we will have to deal with.

2.3.3 Feature analysis

On a more general front, some more works can be found which look at the problem in terms of
finding the most relevant features in the design data.

The authors of [97] use self organising maps in order to find groups of similar designs and
gain insight into the relationship between attributes and performance, and the trade-offs in
the domain. A second self organising map is built based on the first which clusters the design

variables such that their purpose with regards to the functional performance may be understood.
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They demonstrate their approach on supersonic wing and supersonic fuselage designs. In [22]
the authors extended this research by also applying the analysis of variance technique in order
to identify the most important design parameters (with each approach making up for the others
disadvantages). Again, the research was applied to a supersonic wing design.

In [33] the authors investigate the discovery of free-form features on surface designs for easier
feature-based manipulation (here the authors define a feature as a group of geometric attributes
which combined have some kind of semantic design meaning). Their approach involves then
classifying these features by functional meaning. They later extend their approach to classifying
features by aesthetic meaning.

These themes of representation generation and feature extraction return later in this thesis.
We will look at the challenging properties of our data set and suggest novel solutions to these

tasks which build upon the failings of approaches already in the literature.

2.3.4 Knowledge management in engineering

Since the early nineties, Knowledge Management (KKM) has become a research field with strong
implications for engineering design. KM has become a broad term covering processes of exploiting
an organisations knowledge resources to achieve its objectives [4,[00]. Amongst the organisational
objectives of KM are improved performance and innovation [46], which can lead to shorter design
cycles and superior designs. Interviews, collaboration and the sharing of knowledge are key to KM
approaches. Computational KM approaches include tools that facilitate knowledge accumulation
and distribution, such as intranets/wikis, discussion forums, expert systems, knowledge-bases and
decision support systems [25].

The application of some KM approaches to engineering is known as Knowledge Based Engi-
neering (KBE) [120] 67]. A typical KBE systems may be a database of previous product parts
that can be retrieved and used in future design cycles. Thus KBE approaches differ in how they
encode engineering data in a way that it can be usefully retrieved later. The authors of [120]
suggest that incorporation of KM into these KBE work-flows is a topic that requires careful
consideration, suggesting a framework for this purpose. A number of established KBE solutions
now exist on the market and many are currently listed at [140].

The authors of [10] focus on the reuse of engineering design knowledge, in particular process-

knowledge, product-knowledge and task-knowledge, rather than geometrical data. They suggest
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a framework for reusing knowledge, incorporating best practice, design rationale, and knowledge-
based support. Key to their approach is a ‘common design data model’, which is used both for
storing knowledge and also reusing knowledge. More recently this approach has been extended
to Product-Service systems design [I1].

An important topic in KM is that of knowledge representation. The authors of [2I] review
the development of this field with regards to product design and suggest the trends that may

continue into the future.

2.3.5 Concurrent engineering design

Briefly mentioned in the introduction of chapter [I} concurrent engineering is a product develop-
ment methodology based on concurrency of development tasks [73]. It represents an alternative
method to the traditional sequential development method (the ‘waterfall’ method),whereby each
development task is performed in isolation from the previous and next tasks, and no task is ever
revisited without winding back all the tasks that occurred since its completion.

Concurrent engineering design employs cross-functional teams; concurrent design of parallel
subsystems; sharing of new design information; and project effective project management [73].
The core motivations behind concurrent engineering design are that all development processes
should be taken into account, and design issues should be identified as early as possible so that
their impacts are mitigated.

Through the use of concurrent engineering, firms can expect to see such advantages as reduced
time-to-market[111]; reduced development costs [I11]; and improved product quality. [73].

Concurrent engineering has now become popular in engineering [83], with the European Space
Agency being amongst the methodology’s proponents [2]. Presently, much of the active research
goes into tools to aid concurrent engineering such as the modelling tool described in [27] for use

in space mission design tasks.

2.3.6 Interactive evolutionary optimisation

It is worth noting a family of evolutionary optimisation approaches described as interactive. Inter-
active approaches represent evolutionary optimisation algorithms designed with fitness functions
in mind that could be not be modelled or evaluated by computer (such as aesthetic quality) [133].

The idea is simple: the standard evolutionary operators are applied to a population of solutions
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in order to arrive in new generations, but rather than evaluating solutions by a fitness function,
they are presented to a human user who must then evaluate them and choose the parents of the
next generation. The problem with these approaches is that they quickly, and understandably,
lead to human fatigue [I33] which in turn degrades their effectiveness.

Also important are the group of interactive multi-objective optimisation approaches [94].
Under this approach, the automated optimisation is usually optimised against a set of objective
fitness functions. The human’s user can then be guide the optimisation through modification
of ‘preferences’, at certain intervals in the optimisation process [86, 127]. These preferences
determine how strongly each of the objectives should be weighted during automated optimisation
and this method is shown in [9] to result in superior multi-objective optimisation when compared

to a totally automated process based on fixed preferences.

2.4 Machine learning for estimating functional performance

Inspired by surrogate assisted design optimisation and its deployment of a computationally cheap
surrogate function, we consider using a computationally cheap ‘approximation’ function of the
true functional performance evaluation function, using its output to inform the aesthetic designer.

A major difference between our intended deployment of an approximation function and the
deployment of a surrogate in optimisation, is that we will seek to use our approximation function
at all times: constantly estimating the current design’s performance and analysing the estimated
effects of individual attribute changes. Contrast this to surrogate assisted design optimisation,
where the use of the surrogates can be sparse and never replaces all fitness evaluations.

The generation of such an approximation function will require the selection of some suitable
function generating process, such as those from Machine Learning, including: response-surface-
methodology; Support Vector Machine; Gaussian Process; Neural Networks etc.

Very generally, machine learning [13],95] is concerned with a group of algorithms which, given
a data set of some input patterns and their respective output patterns sampled from a function,
are expected to learn rules which apply well to input and output patterns not contained in the
input set. We call this latter set the ‘unseen’ samples.

How well the machine learning algorithm does this can be termed its level of ‘generalisation’.

Generalisation of an algorithm is problem dependent and so we might say a particular machine
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learning algorithm has good generalisation for a particular problem. This means that it can
predict the output patterns for unseen input patterns well for this particular problem. Good
generalisation is a desirable property of any machine learning algorithm.

This raises the issue of how one assesses the performance of a machine learning algorithm. In
section [2.6] we will look at some common approaches of empirically assessing the performance of
the generated approximation function, but for now we look at formulating the machine learning
problem.

We denote the approximation function as f: a function which maps input pattern x to
output pattern y; f :x — ¢. Under this notation, f is assumed to be an approximation of some
observable function f, which itself maps z to an output pattern y; f : x — y. Thus f outputs
an approximation of y, § = y + ¢ where ¢ is some error value (which may itself be a function of

The machine learning algorithm is the process through which f is generated. A machine
learning algorithm which arrives at some approximation f of the observable function f, invariably
requires a set of N sample patterns, D, from which to learn.

Each sample pattern consists of a tuple {x;,y;}~.;. Within D we denote all N input patterns
by X = {z;}¥,, and all N output patterns by Y = {y;}¥,.

There are many machine learning algorithms and some are deterministic while others are not.
In both cases, but especially the non-deterministic case, it is good practice to run the machine
learning algorithm a number of times and evaluate its performance using a set of data put aside
earlier prior to training. This ‘unseen’ set of samples can then be used to evaluate the resulting
approximation f . For this reason it is common practice to divide D into a training set Dpg of
Nrg pattern tuples and a testing set Dy of N — Npg pattern tuples.

It is important that the machine learning algorithm never encounters any of the testing set
tuples in Drgr. Providing this holds and Drp spans the space of possible patterns well, the
level of generalisation of the approximation f can be estimated (which is dependent on the

generalisation quality of the machine learning algorithm).

2.4.1 Differences between our approximation and a surrogate

Our desired approximation is particularly distinguishable from surrogate assisted design opti-

misation when we consider the training set D. For surrogate assisted design optimisation, it is
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possible to generate D using a space-filling sample plan scheme such as Latin Hyper Squares
(LHS) [34]. Because optimisations will occur locally to the initial design, it is logical to spec-
ify this sampling in a spatially local area, knowing that a stochastic optimisation will generate
samples along any direction in the space of possible designs for evaluation.

Contrast that with our task, where a non-stochastic human designer will have certain aims
with regards to aesthetic design and it will be clear that it is hard to predict where estimations
will be required in a large space of possible designs. One technique that can be used in surrogate
assisted design optimisation is to regenerate a sample plan and retrain the estimation function
when a design leaves a high-accuracy region of the space of possible designs. This is unfeasible
for us, as this would cause the design assistance system to be unavailable for hours, maybe days,
when the designer causes the design to leave such a local region and triggers this retraining
process.

Another difference to consider, is that the stochastic optimisation is likely to approach unfea-
sible or unrealistic designs. This means that a uniformly sampled D (e.g. using LHS) may prove
quite useful for an evolutionary optimisation problem. A human designer is far less likely to
approach these forms of design, and so such a D would contain a high proportion of unimportant

samples and thus wasted functional performance evaluations.

2.4.2 Machine learning applied to our problem

When applying machine learning to the task of generating an approximation to act as our

functional performance estimation system, we encounter a number of obstacles:

1. Large design representations. Engineering surface designs can be very complex geo-
metric structures. In domains such as automobile design they can vary in many, many ways
and each of these ways is associated with one or multiple features. These truths mean that
each design’s input pattern must be large enough to correctly represent the small vari-
ations in surface design. At a minimum, for any two different designs there must exist
some attribute that distinguishes them sufficiently and in a way that a machine learning
algorithm can learn from. This property makes dimensionality reduction of the surface

design’s representation challenging.

2. Available training data. Machine learning algorithms generally suffer from the curse of
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dimensionality |12, 99]. The curse broadly states that as the dimensionality of an input
domain increases, the number of training data samples required by a machine learning
algorithm increases exponentially. As previously noted for our motivating example, it is
a slow process to generate training data by virtue of the computationally costly CFD
function. It is unfeasible to imagine we will ever have enough training data for a problem

with the original design representation.

3. Appropriateness of training data. As noted in section [2.4.T], a uniform sampling plan
is inappropriate and even wasteful. Somehow we need to generate a sampling plan that
samples only in regions of the design space which will be useful to our machine learning
algorithm and approximation use. This implies that we somehow find design space regions

which are interesting to the aesthetic designer.

4. Learning a large domain. Our approximation is expected to be trained and ready to
aid the aesthetic designer regardless of whatever changes they make. It is possible that
the designer will make substantial changes to a design which almost completely transform
it, taking it into a distant region of the space of possible designs. This implies that our
computational design assessment system needs to be able to estimate for designs across
a very large domain. Coupled with the fact that functional performance is often highly

non-linear, this task becomes very challenging for machine learning algorithms.

2.4.3 Finding a suitable source of training data

At the end of our motivating example in section [2.I] we noted that many automobile manufac-
turers have a long history of design and may have in recent years been accumulating designs and
their functional performance scores. To elaborate, the automobile manufacturer may have digital
representations of many previously considered designs with their associated aerodynamic perfor-
mance scores. These designs may have resulted from a mixture of human driven optimisation
and computer-driven optimisation and could be deemed as historically interesting.

In this thesis we consider using such an accumulated data set of previously interesting designs.
By deploying such a data set, we greatly reduce the impact of the second obstacle in section 2.4.2]
because we have a large source of data to hand. We also greatly reduce the impact of the third

obstacle because each sample in this data set was previously interesting to the design process
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and therefore likely to be, by inference, potentially interesting to the aesthetic designer in future

design processes.

Also, obstacle 4 is somewhat alleviated as this data set, while still spanning a large space of
designs, will be more concentrated into the areas of interest, meaning that the machine learning

algorithm need only learn a smaller subspace of the design space.

Unfortunately, such a data set, while helping obstacles 2 and 3, also has problematic proper-

ties.

Non-uniform surface representation

As we will discuss in chapter 3, engineering surface designs are usually represented, in their
rawest form, as a collection of geometric primitives. Common formats will reduce the geometry
to 3D faces, often triangles. One very common format like this is the STereo Lithography (STL)
format, which almost all engineering surface design software is able to output. It is possible to

extract the 3D points from all the faces and remove redundant points to form a ‘point cloud’.

Formats such as STL are very flexible, and provide very few rigid format constraints. This
means that the number of faces (and thus 3D points in the point cloud) can vary between surface

designs. Further, the order of faces (and again the 3D points) in the surface design can also vary.

In practice, these formats vary massively. For example, some automobile designs have features
such as rear-spoilers which other automobile designs lack entirely (and so the geometric primitives
required for this feature is also lacking). Further, it is common for the number and order of
primitives to change during the design process: an artist may decide that more detail is required

in a specific surface region, and increase the resolution of geometric primitives in that region.

We cannot use such data easily because machine learning algorithms generally assume that
every input sample has the same number of attributes and they also expect that the ith attribute
in any two design representations describes the same information (in our case the same location

on the automobile’s surface).

We need to deal with these problems through some layer of preprocessing in order to prepare

our data set so that it is usable with machine learning algorithms.
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Large design representations

This property of the data set is an aggravation of the first obstacle in section 2.4.2] Engineering
surface designs stored as geometric primitives (like in STL) tend to consist of a huge number of
geometric primitives. One of the driving forces behind this is that these formats can never truly
represent a curve, and must discretise the curve into a number of tiny segments.

To illustrate the size of the design representation, let us consider a concrete example: in the
next chapter we will generate a data set based on an automobile surface design in STL format.
This formatted surface design consists of 1,129,239 individual triangular faces. If we strip this
surface design down to its 3D points only, we are given 555,397 3D points (1,666, 191 individual
attributes).

The size of this representation is indicative of the size that many designs in the automobile
domain will have (and this also applies to other engineering surface domains). Of course, any
machine learning algorithm we use is therefore susceptible to the curse of dimensionality.

The curse of dimensionality is a common problem in machine learning, and as a result there
has been a lot of research activity in the direction of reducing dimensionality. Dimensionality
reduction will be given greater focus in the next chapter. But for now we must make some note
that for our problem we can expect the state of the art approaches to dimensionality reduction

to struggle with our data set. The reasoning behind this is thus:

e The aesthetic designer will seek a high degree of design flexibility. Any representation with
reduced dimensionality must be able to represent the relevant (i.e. those with impact on

functional performance) differences between designs in this representation.

e Given the space of possible designs S: for some subspace A C S we can expect that a
particular subset of attributes will be commonly modified by the aesthetic designer. In
another subspace of B C S it may be another entirely exclusive subset of attributes which
are commonly modified. Any representation with reduced dimensionality would need to
contain the attributes relevant in each of these subspaces, resulting in a representation

larger than that needed for each subspace A or B.

e A logical approach to dimensionality reduction could restrict our representation with re-
duced dimensionality to only those attributes with some effect on the functional perfor-

mance. But for many functional performance scores, including aerodynamic scores, we
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would run into a very similar problem: for some subspace A C S one set of attributes
may affect functional performance while in another subspace B C S a completely different
set of attributes affect the functional performance (this is due to the presence of attribute
interactions [59), [43], attributes with different effects depending on other attributes). Yet
again, this means that the resulting representation would be larger than that needed for

each subspace A or B.

Lack of a single design space focus

This property of the data set builds on the fourth obstacle in section [2.4.2] As described earlier in
this chapter, surrogates have been used in computational optimisation frameworks successfully.
Key to their successful deployment is the understanding that the surrogate fitness function need
only be called in the subspace of S which is being searched within [34]. This space is usually quite
limited when compared to the size of the space of possible designs and is usually contiguous.
Should the optimisation enter into completely unsampled subspaces of S, a new sample plan in
the unknown subspace could be generated and used to update the surrogate [60], 62].

Generating a regression function to act as a surrogate in this way requires a relatively small
and concentrated data set of training samples. This process is made easier because the more
concentrated sample set can be taken from a smaller region of the space of possible designs
and thus is able to represent a smaller ‘window’ of the function being learned. In this ‘smaller
window’ of the function it is easier for a machine learning algorithm to learn the relationships
between inputs and outputs and thus more accurately estimate the function’s outputs [146], [34].

In generating our approximation, we do not have this advantage, as we seek to build a
regression function which performs well across the whole space of designs which may possibly be
encountered, £ C .S, which is unknown. Our choice of data set gives some indication towards E
in the previously interesting designs it contains, but it also contains many relatively small and
highly sampled regions of the design spaces (resulting from different optimisation and design
processes) and is non-contiguous.

Across the space of possible automobile designs the relationship between aerodynamic drag
and each attribute can vary quite wildly, with some attributes having a positive effect in one re-
gion and a negative effect in another. This is quite a common problem for functional performance

functions used in engineering [34].

27



In effect, the ‘window’ of the function being learned is broken into many disjoint windows
which each have very different input to output relationships. This will make the task of learning

a regression function to act as our approximation challenging.

2.5 Mathematical formulation of the problem

We now take the opportunity to build on the notation provided so far. We assume that we have

a data set D consisting of:

e N STL-format surface designs, X = {x;}¥ , where the ith sample x; = {z;1, %2, ..., i a},
d; is the number of 3D triangles forming the ith design’s surface (which can differ for
different 4), and the jth trianglex; ; = {Z;;1,Z; 2, i 3} is represented as 3 3D points,

such that 1 <k <3 and 7; ;1 € R3.

— The order of the 3 points forming each triangle indicates the front of that triangular
face such that the cross-product a x b where @ = Tjj2 — ¥;j1 and b = T3 —
Z; 4,1 produces a vector ¢ which when normalised equals the normal vector of the jth

triangular face of the ith design, 7; ;.

— The order of triangles in each surface design can differ: attributes z; ; and xy, j, where

k # j, do not necessarily refer to the same piece of surface design information.

e N functional performance values, Y = {y;}¥ |, where y; € R, and y; = f(x;) where f(x;)
is the functional performance function of the ith design (we focus only on one functional

performance score in this work).
X consists of designs:
e taken from the space of possible designs S.
e which have not been continuously and uniformly sampled from S.
e which have been taken from an interesting subset of S, the encounterable subspace £ C S.
Y consists of values

e dependent on the input designs X by way of f :x; — y;.
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e non-linearly dependent on the attributes of input designs.
e which depend on a subset of the attributes making up each design.

We seek to construct a regression function f (x) = y+e where ¢ is some error term, to approximate
f(x) based only on our data set D.

Our primary objective is to arrive at a regression function f (x) which can be used as an
approximation function to guide the decisions of a human designer. This should ultimately
reduce the time-to-market time required for a engineered product and/or improve the quality of
the marketed product. Our second objective is to minimise € across the space of possible designs
S, and in particular across the encounterable subspace of possible designs £ C S.

The regression function f(x) should compute in a small amount of time (seconds) so as to

not severely interrupt the human designer’s design process.

2.6 Assessing approximation function performance

In this section we look at the performance metrics which we will be using in this thesis to evaluate

and compare regression functions for use as our approximation.

2.6.1 Accuracy metrics

Here we describe three very common performance metrics which focus on the accuracy of the

regression function in terms of the difference between estimated and true, target output values.

Mean squared error

This is the average of the squared error, where error is the difference between the estimated
output for the test set and its target output. This is one of the most well established metrics
when optimising as its interpretation is simple: the lower it is, the better.

Unfortunately it isn’t easy to assess what “good mean squared error” really is as there is no
upper-bound on the metric. The mean squared error score can thus only be used to compare
regression functions where the same training and testing data is being used with each regression
function (as is the case here). It becomes easier to interpret in a normalised data set, but is still

not as easy to interpret as the other measures we will look at.
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Mean squared error: MSE(f) = NLTE ZZ]\;TlE (f(xi) — yi)?
where Nrg is the number of samples in the testing data set Drg, and x; and y; are the ith

input and output in Drpg respectively.

r? correlation coefficient

This is the correlation between the estimated outputs for the test set and its the target outputs.
This score is particularly useful when one considers that error isn’t as important for our problem
as ensuring that if design x; is worse than design x;, then the estimation results in the same
conclusion (the Ranking score in section will focus more on this property).

The higher this score is, the better and it is easy to assess “good correlation coefficient” as it

is upper-bounded by 1 and lower-bounded by 0.

2
. N N— F) (s —
Correlation coefficient: r2(f) = NZI':?E(f(Xi) 169)(yi=9)
VEEEE (00709 VS (=92

where f(x) is the average output of f over all the samples in Drp and y is the average

functional performance in Drg.

Percentage error

This is the squared error as a percentage of the range of target output values in the data. Clearly,
it is easier to assess “good percentage error” in comparison to M.SE as it is a percentage.

Percentage error: PCE(f) 100 i\;TlE (f(Xz) —yi)?

= NTE*(ymaz *ymin)

where Ymar and ym;n are the largest and smallest functional performance value in Dpg,

respectively.

2.6.2 The ranking metric

For a specific problem like this it is important to evaluate algorithmic approaches not only in
terms of accuracy but also in terms of how correctly they rank. We already hinted on the
logic behind this when discussing the r? correlation coefficient score: an aesthetic designer is
more generally interested in whether a design modification worsens, betters, or does not affect
performance than what the exact performance value is.

For this purpose we propose a simple ranking metric: Prediction of Performance Change.

This score computes the percentage of such predictions (worsens, betters or no-effect) correctly
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assessed:

1
Nig

Prediction of performance change: PPC(f) = Zf\;TlE Z;V:TIE i j
1 f(xi) > f5)s0i >y
1 fGa) < fog)iwi <y
where 7 = 01 f(xi) = f(x);01 > v
L fGa) > fOg)sm =y

0 otherwise

The third and \fourth conditions are specially chosen such that if the user is given an incorrect
‘does not affect performance’ prediction for a particular design change, but the change results in
a performance improvement (here minimising the functional performance score as is the case
with aerodynamic drag), then this is not penalised in the score.

Clearly it is easy to assess “good PPC” as it is bound between 0 and 1 with one being the

best score.

2.6.3 Evaluating approximation function performance scores

At many points in this thesis we will be comparing results from competing experimental ap-
proaches. Usually these results will be in the form of the above numerical scores, but averaged
over a large number of runs.

All claims that approach X out-performs approach Y are statistically proven using appropri-
ate techniques. Sometimes though, this ‘out-performance’ may appear quite small, and so the

questions:
o “What small differences are worth taking notice of ?”
o “Is the best result found ‘good enough’?”

need to be addressed.

Firstly, this author takes the opinion that any statistically significant improvement is worth
noticing. If it means the difference between 88% accuracy and 89% accuracy, then that is still
a beneficial improvement to the aesthetic design process. In industry, time often translates
into profit and therefore even a small improvement can translate into an increase in profit.

When that industry commands as much money as the automobile industry does, then a small
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improvement can easily equate to large amounts of money. Further, from a research perspective,
such improvements are always worth noticing because they can often point in the direction of
further research that could potentially increase these small improvements dramatically.
Secondly, the notion of “good enough” is a difficult concept. Optimally, we would want to
achieve a PPC ranking score of 1, but this appears highly unlikely to be achieved for many prob-
lems, especially those addressed in this thesis. Therefore, taken with the statistical significance
of the results, I recommend to the reader that they view all of these results of being significant
for the reasons given above, but that they understand that there is likely to always be room for

improvement with regards to this problem.

2.7 Conclusion

In this section we conclude the chapter with a summary of its most important contents and novel

contributions.

2.7.1 Summary

In this chapter we looked at the problem central to this thesis in greater detail. As a motivating
example we took automobile design: a real-world domain where aesthetic quality and functional
performance are both given high value. As this is an under-researched problem, we looked
at computational design processes for inspiration; specifically evolutionary optimisation. In
this field we discovered surrogate assisted design optimisation were being employed for similar
purposes.

We also gave an overview of other research areas related to our problem. One piece of related
literature, found in [92], is very significant as provides encouraging evidence that providing the
human designer with information during the visual design process can speed up convergence and
result in improved solutions.

Inspired by surrogate assisted design optimisation, we looked at transferring this technique
to our problem: in particular, we considered using machine learning techniques to create an
approximation function for use in the aesthetic design process.

Following this we described our problem formally and discussed the problems that arise

when applying “off-the-shelf” machine learning techniques. It was suggested that one of the
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major problems, acquiring a training data set, could be solved by using the data bank of designs
and performance scores accumulated at an engineering surface design firm. Simultaneously this
gives us the opportunity to learn about previously interesting regions of the space of possible
designs. But while this decision solves a few of the problems, it aggravates and accentuates some
of the other problems. These problems will be tackled in the remaining chapters of this thesis.
Towards the end of the chapter we formulated the problem mathematically and described

the four performance metrics using these terms which will be used throughout this thesis.

2.7.2 Novel contributions

The major contributions of this chapter include an analysis of an under-researched problem with
real world significance, coupled with a motivating example to demonstrate its significance. By
suggesting an accumulated training data set to solve one of the problems, we develop the original
problem such that another deeper analysis of the problem must be given. This involves a novel

analysis of a data set with particular properties that is previously unseen in the literature.
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Chapter 3

PREPROCESSING SURFACE DESIGN

DESCRIPTIONS FOR MACHINE LEARNING

In this chapter we look at the challenge of taking our data set, consisting of varied surface designs
in a flexible format, and preparing it to function as input into the machine learning process. We
will look at the challenges of the data set relevant to this chapter in more detail, leading onto
a discussion of surface design representation conversion and dimensionality reduction. During
this discussion we will encounter the ‘bump problem’ and suggest how it may be dealt with. We
will then discuss the generation of a test data set of automobile surface designs exhibiting the
properties previously described in section [2:4.3] which will be used throughout future experiments
in this thesis. Following this we will discuss the generation of toy test data set that exhibits the
previously mentioned ‘bump problem’. Finally, we will discuss a novel and computationally
fast method of converting surface design representations into a single format, and apply this to
our data sets. We will also pay particular attention to a promising dimensionality reduction
approach and how well it performs in synergy with this conversion process with regards to the

‘bump problem’.

3.1 Problem introduction

In the previous chapter we described some challenges of the data set that we would need to
overcome in order to solve the problem of generating a regression function exhibiting good per-

formance from this data set. Our task is to take our accumulated data set of engineering surface
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designs, D, and arrive at a version, DV, suitable for machine learning a regression function to
perform as our approximation. We refer to this as the preprocessing of D. In the following three

subsections we look in detail at three challenges of the data set relevant to this chapter.

3.1.1 Engineering surface design representations

When engineers design the surface of an object, such as that of an automobile, they typically
use some computer aided design (CAD) software such as Maya.

As previously described, flexible surface design representations typically involve discretisation
of the surface into primitives: either curved surfaces, faces or a mixture of both. Curved surfaces
(such as NURBS surfaces) consist of a number of control points, while faces consist of a > 3
edges (with a vertices; 2 per edge and each vertex being shared by two edges).

With there being a variety of commercial and non-commercial CAD software suites, and
also a variety of functional performance evaluation suites, formats have been developed for easy
geometry exchange between independent software suites. These formats can include a range
of information, such as colour intensities and texture coordinates which we do not need for
functional estimation. The most prevalent format designed with a focus on the geometry is

STereoLithography (STL) due to its simple and easily parsed format [116, 20].

STereoLithography (STL) representation

An STL file for a single design consists of a number of triangular ‘facet’ descriptions, in no
particular order. Each facet is itself described by a list of 3 vertices, describing the points of
the triangular facet, which are themselves ordered in a specific manner. The vertices are ordered
such that they indicate the side of the triangular facet which we would designate as the ‘front’,
i.e. the side which the triangular facet’s normal vector faces away from: given the 3D vertices
of a triangular facet in the order v, v9,vs; the cross product vector formed of vectors 105 and
0104 would be in the same direction as the normal vector 77 of the surface. As the cross product
is anti-commutative, reversing the operands such that we calculate the cross product of vectors
'LT’U% and U105 , would result in a vector pointing in exactly the opposite direction. In computer
rendered graphics processing, this ordering rule can be used to indicate when a triangular facet
is facing away from the viewer and therefore when the facet need not be drawn.

Figure[3.I|shows an automobile design in the STL representation, with the edges of triangular
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Figure 3.1: Wire-frame view of an automobile design showing how the surface of the Honda Civic
(European) is constructed from triangular facets in the STL representation. The design consists
of 555,397 unique 3D points which use used to describe 1,129,308 triangular faces.

facets visible. Note the increase in triangular face resolution in regions of the surface which are
designed to appear curved.

STL is a great example of a ‘complete’ representation, i.e. it can feasibly be used to represent
any geometry as long as curves are discretised into enough facets. STL is also well established
format supported by virtually all CAD, 3D design software and functional performance suites
(such as CFD), so it won’t be challenging to generate STL representations from a historic and

accumulated data set consisting of a mixture of different formats.

Problems with STL

STL formats can be very large and take time to parse if they are stored as ASCII text files.

Fortunately, a binary format exists which reduces the size substantially and removes the need to
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parse a text file.

For machine learning purposes, the STL format poses a number of problems. Firstly, as
previously mentioned, the triangular faces are unordered. There are no rules on the ordering
and since there is no linear connectivity between facets (i.e. each facet shares edges with three
other facets, and each facet can share vertices with more than 3 facets) there is no method of
generating a linear file format. It is therefore impossible to associate the first facet across the
data set with any particular surface detail.

Secondly, the resolution of the STL format is variable, meaning that the number of facets
is variable. Clearly, the STL format does not represent curves directly. Any curves must be
discretised (although most CAD software applies smoothing to its geometry and so this discreti-
sation need not be high resolution) and the surface designer is free to increase the resolution of
a region of the design in order add more detail there. Fixing the design resolution is not feasible
as designers need flexibility to implement their goals. It is therefore even harder to associate
facets with functional change since some facets (and the vertices that form them) will exist in

some designs and not in others.

3.1.2 Dimensionality reduction for a high dimensional non-linear problem

Surface design data formats, such as STL, often consists of a massive number of attributes
(millions). This huge number of attributes renders the generation of a machine learned regression
function either unfeasible or computationally very expensive (which may still render it still
unfeasible for many situations).

We therefore seek a dimensionality reduction function g(x) : x — x where x € R% x' € RY
and d < d. We will review dimensionality reduction techniques shortly, but here we will describe
the problems of our data set which a suitable dimensionality reduction technique will need to
overcome, which have already been mentioned in sections and 2.4.3]

Firstly, we have a very high dimensional data set taken from a large design space. This means
considerable dimensionality reduction will need to be applied and yet we want to maintain as
much information as is relevant to the functional performance.

Secondly, the aesthetic designer will expect a high degree of artistic freedom across the entire
space of possible surface designs, and functional performance measures are easily affected by

surface changes. This indicates that a truly compact representation will be non-trivial to find
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because our low-dimensional reduced representation will need to be able to represent these surface
changes when they are relevant to the functional performance.

Thirdly, let us consider two non-exclusive sets of attributes:

e Attributes which are likely to be changed by the aesthetic designer, which we denote subset
A.

e Attributes which affect the functional performance, which we denote subset B.

then we will want to filter attributes out leaving us with just the intersection C' of sets A and
B: C = AN B. This will represent the smallest possible set of attributes needed for our
approximation. This is a good approach, but the problem identified previously is that some
attributes may be modified by the designer in one subspace of the space of possible designs S,
while a completely different and exclusive set may be modified in another subspace, making A
quite large. Further, some attributes may have effect on functional performance in one subspace
of S, while a completely different and exclusive set has effect in another subspace making B quite
large. Therefore C will itself be large, affecting the method of dimensionality reduction that can

be applied. Because of this variation across S we consider the problem to be highly non-linear.

3.1.3 Synergising representation & dimensionality reduction for the bump

problem

The representation conversion process may be performed such that it applies a form of dimen-
sionality reduction to the data. Despite this, we will still aim for a rather complete converted
representation of the surface data and apply a true dimensionality reduction technique to this.
This means that when considering the first problem of surface data representation conversion, we
should consider a representation conversion process which synergises well with the dimensionality
reduction technique subsequently applied. Clearly, a chosen dimensionality reduction technique
needs to deal with the problems mentioned in the previous subsection and work with a surface
data representation.

An important issue involving both the data representation and dimensionality reduction,
is that surface design formats such as STL are not particularly effective for machine learning
problems, as illustrated with the ‘bump problem’. In figure we see an illustration of the

‘bump problem’ concept. In the first two plots of the figure, we see a set of points defined (in
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Figure 3.2: Illustration of the bump problem.

2D) on the x and y-axes. We imagine that these points constitute a connected surface (with a

non-illustrated facet in between).

In each of the three plots we see there is a feature of the surface, a bump. The bump problem
exists because for many formats, STL included, different attributes (points) are required to
represent the bump depending on where the bump is along the xz-axis. Assuming that this bump
affects our functional performance, a regression function would require as input any point that
may be involved in the bump at any time: for our illustrated example that could easily be every

point, if the bump could be positioned at any location along the z-axis.

But, as illustrated in the final plot, we only need a single attribute to represent the z-axis
position of the bump. Expecting a machine learning algorithm to infer the performance rules
for each position of the bump (and thus every possible subset of points involved in the bump at
each point) is not totally unreasonable, but certainly not as trivial as associating performance

rules with a single z-axis value.

The challenge of dimensionality reduction for the bump problem is then finding this z-axis
feature from the data set. Later on we will describe a dimensionality reduction approach that

may deal well with this problem.
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3.2 Generating a single representation from varied surface design

representations

In this section we will review existing methods of generating a single representation of varied
surface design representations.

This is a field within which there is not much research. This is possibly because accumulated
data sets of varied historical designs are only now beginning to gain enough size to be of use to
some machine learning task.

As previously mentioned, when faced with a similar problem (i.e. using diverse surface designs
in some machine learning process) the authors of [42] approach the problem using the idea of a
reference model and offsets. Their end goal is a system of decision-tree based rules which can
be used to guide some design process (human or computer driven). Their method assumes the
selection of some surface design which we refer to as the reference design, x*. This need not be
a real design and can be fabricated and even optimised for purpose. The designs in the data set

are then calculated as offsets from x%:

R we seek a matching point in the surface being converted,

1. For each point in the surface x
x. This is done through a novel similarity score incorporating point distance and surface

normals similarity.

2. Then an offset is be calculated between the matched points in order to arrive at a repre-

sentation of x constructed of these offsets.

This is a good approach, and the similarity calculation based on both distance and surface
normal helps ensure that point matching is done more effectively than if were solely based on
distance. Also, a level of dimensionality reduction can be incorporated into the process by choice
of a reference model with fewer points to be matched. The authors are able to demonstrate the
effectiveness of their methods on a turbine blade design.

Clearly, a turbine blade design is a relatively simple shape compared to that of an automobile.
Most notably, their method will only work for designs within some threshold of similarity to the
reference model, x%, as it is not hard to perceive cases where a shape substantially different from
xt will cause problems. We can conclude that this method will not perform well for data sets of

highly diverse designs.
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For example, the previously mentioned example in automobile design where some designs
have a spoiler and others do not. A spoiler on an automobile can have dramatic effect on the
functional performance of a design. Clearly, if x* does not feature a spoiler, this cannot be
modelled in the representation. On the other hand, if it does feature a spoiler, designs without
spoilers could exhibit unexpected behaviour when matched in this way.

Another approach employed in [14] involves the voxelisation of the designs. Voxelisation is
the process of building a 3D representation of a surface through the division of the encompassing
space into equally sized voxels. It is effectively the 3D extension of pixelisation. In [52] the
authors demonstrate a method of generating a voxelised representation of a surface from point-
cloud data (i.e. a set of points found on the surface). They demonstrate their approach on aerial
and terrestrial data sets.

Canonical voxelisation with a surface design involves projecting 3D ‘rays’ (a line segment
with an origin and direction) for each voxel on each axis [I07]. So for an x x y x z voxelisation,
we must generate £ X y+ z X y +x X z rays. FEach of these rays must then be tested against each
of the N facets in the surface. This can be quite costly as the triangle intersection tests are not
cheap, requiring computation of barycentric coordinates for each one.

Finally, all z x y + 2z X y + x X z voxels must be processed, each using the results of three
ray tracings in order to determine whether the voxel lies inside or outside of the surface. In
order to ease computation, this is typically performed under canonical voxelisation in a binary
fashion (inside our outside of surface) leaving us with a binary representation highly dependent
on the original z , y, and z parameters. Extending it to a continuous representation (indicat-
ing the amount of intersection with a surface that a given voxel has) naturally requires extra
consideration and computation.

Clearly, a x X y+2z X y+ax X z representation can be very large and some level of dimensionality
reduction must be applied before the data is suitable for machine learning.

Another fairly simple approach could be to place sensor points in 3D space and to have these
measure the closest distance to the surface, and whether they are inside or outside of the surface.
This therefore builds a level of dimensionality reduction into the process through the choice of a
low number of sensor points.

To save computational effort, it may be enough to record the distance to the nearest point,

and avoid finding the nearest point on the face of the nearest triangle (an operation which would
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be considerably more expensive to perform).

This approach depends heavily on the number and placement of such sensor points in the 3D
space. To this end, both these parameters may need to be optimised using some computational
optimisation system (e.g. gradient decent, evolutionary optimisation). Unfortunately this makes
the approach non-deterministic and also adds considerable computational complexity to the

process.

3.3 Dimensionality reduction for machine learning of engineering

problems

As this and future chapters employ dimensionality reduction in their experiments, this section
will briefly review existing methods of dimensionality reduction which can be used for building an
approximation of functional performance. Particular focus will be given to two well-established
approaches which we will use later on.

A dimensionality reduction algorithm is itself a form of machine learning and must ultimately
result in a dimensionality reduction function g : x — x which can map an input x € R? into
a lower-dimensional input X € Rd/ where d < d. The dimensionality reduction function g can
generally be described as either a feature selection or a feature extraction method [110, [70} [31].
In this sense, ‘feature’ is used in a sense synonymous with our use of ‘attribute’ so far in this
thesis.

One of the great challenges in finding g is to balance the trade-off between compactness and
completeness [64]. Compactness is self explanatory and relates to the how small the reduced
dimension representation is (the smaller is typically the better for combating the curse of dimen-
sionality). Completeness on the other hand refers to how capable the reduced representation
is in capturing all of the information required for describing each sample. On one end of the
completeness scale, the non-reduced representation will allow for all differences between samples
to be represented (i.e. it is totally complete). At the other extreme, a reduced representation
may allow for only one attribute to represent the differences between samples, effectively putting
the samples on a linear scale. Clearly, completeness is problem dependent: for functional perfor-
mance scores such as aerodynamic drag, the colour of the surface is irrelevant and can be ignored

without any loss of completeness towards our task.
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3.3.1 Feature selection methods

Feature selection methods of dimensionality reduction generally discard the d — d attributes in
the data assessed to be the “least important” with regards to the function being learned. Feature
selection, it should be noted, can happen at the human level using domain knowledge. For
example, aerodynamic performance of engineering surfaces is not affected by the colour of that
surface. This attribute can then be discarded by the human engineer.

Computational methods of feature selection can be broadly categorised into one of three

categories: wrapper, filter and embedded methods [4§].

Wrapper methods

Wrapper methods effectively search for the optimal set of attributes by evaluating different
subsets of attributes for the desired task. In our case, that would mean evaluating a regression
function using each subset in order to evaluate that subset. The available data is divided into
training and testing data, and a regressor would be built on the training data. The testing
data is then run through the model and its accuracy is recorded as that subsets performance on
the testing data. Clearly, we seek to optimise this performance. In this way, we search for the
dimensionality reduction function g that results in the most accurate model.

This approach is applied to surrogate-assisted optimisation of an aerofoil shape in [I135] and
the benefits of this dimensionality reduction on the surrogate used in an optimisation process
are shown.

Clearly, this approach is computationally intensive, as many models must be regenerated
with different data and then tested. Further, it is dependent on the testing data set. If this is

too small or chosen poorly then the converged solution may not be suitable to the broader task.

Filter methods

Under filtering we perform our search for a reduced dimensionality representation through the
scoring of attributes with an easy to compute metric. We simply remove the d — d attributes
with the ‘worst’ scores (or where d  is unknown, we use some threshold score). Filtering can be a
simple unsupervised approach (meaning it does not take the functional performance value into

account) such as :
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e Removing the attributes with the least variance in the data set.
e Removing the attributes with the least range throughout the data set.
e Consolidating attributes which correlate highly throughout the data set.

A supervised approach (meaning it does take the functional performance value into account)
may remove input attributes which have the least correlation with the output variables, making
the assumption that they have little effect on the output variables [49)] (we will apply such an
approach later in section . This has been applied to an engineering task in [42] with a
correlation threshold of +0.3 and for a regression problem the approach is intuitive, taking into
account the effect of attributes on the output value.

Aside from correlation, another common metric for determining whether attributes are useful
to a regression task is to calculate their Mutual Information score. This approach has been used
for feature selection in [74] 85].

In order for filtering methods to function well for a high-dimensional problem, there needs to
be a large amount of data available. This is a luxury that many real world problems, including our
own, do not have. Another problem that filtering methods exhibit is that they can easily ignore
the presence of interacting features (features which on their own have no direct effect on the
functional performance, but when combined with other features, do have an effect). Interacting

features are common in engineering surface domains and the search and discovery of them is

covered in [59] 145].

Embedded methods

This final group is quite limited but includes all methods that perform feature selection as part
of the model training process. A good example of such an approach is LASSO [137], an approach
to linear regression via least-squares which attempts to drive as many of the linear regression

coefficients as possible to zero, thus acting as a form of dimensionality reduction.

3.3.2 Feature extraction methods

Extraction methods map the data into a lower-dimensional representation with a dimension of
d < d while trying to maintain as much information in the data as possible. The resulting

representation rarely resembles the original representation and the resulting attributes cannot
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be directly linked to any single attributes in the original representation. In this sense, feature
extraction is very similar to compression.

There are a number of ways of performing feature extraction and we will look in detail at
two approaches which we will use later on. We can generally group feature extraction methods

into linear and non-linear approaches.

Linear

This family of approaches includes Principal Component Analysis, Independent Component
Analysis, and Linear discriminant analysis. These methods involve linear algebra such as the
highly popular unsupervised method Principal Component Analysis (PCA) [65, 128] which we
will now take time to describe in detail.

Under PCA the covariance of all attributes is used to find the eigenvectors best describing the
variance and covariance of the data set. By mapping the data onto the d < d eigenvectors with
the greatest eigenvalues, PCA effectively embeds the data in a representation which captures the
greatest variance in the data.

Under PCA we assume a set of sample data, X, where C is the covariance matrix for the
attributes of X (containing the variance and covariance of attributes in X). We compute the
eigenvectors and eigenvalues for C' as V' and w respectively. Where d is the target dimensionality
of the PCA process, we order the vectors of V' by their eigenvalues w and retain only the first d
eigenvectors (as columns) in matrix W.

Then a single sample x is embedded as a d’ dimensional design representation x by perform-

ing:

g(x) = x = (Wx)T

PCA effectively compresses the data into a representation of specified dimensionality, while
aiming to retain as much of the variance in the data set as possible. It is possible to reverse this
PCA embedding function g so that g x — % where x € R? but some information will be lost
in the process. In this way PCA behaves similarly to lossy compression techniques.

One disadvantage of linear approaches like this is that they don’t take the functional perfor-

mance term into account. As mentioned, the embedding process aims to embed the data in a
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representation capturing the greatest variance in the data. This is sensible if all the attributes
generally have the same strength of effect on the functional performance, but for problems such
as ours this can be quite ineffective. For example, it is entirely possible that the attributes with
the most variance in the data set have only a small effect on the functional performance, while
the other attributes with less variance, affect the functional performance more strongly.

Another disadvantage of linear approaches such as PCA is that they are linear approaches
and therefore may not perform well on some classes of problems. The effects of surface changes
on functional performance are typically non-linear and thus our problem falls into this troubling
class of problems.

To reiterate, given a d-dimensional representation in our problem domain, it is possible that
any attribute x;, where 1 < i < d, has a very strong effect on functional performance in some
subspace of the design space, but no effect whatsoever in most of the design space. If most of
the d attributes behave in this manner, linear dimensionality reduction will be sub-optimal. A
non-linear approach that is able to fit these “changes in attribute sensitivity” across the design

space would be better suited to such a task.

Non-linear

This family of approaches to dimensionality reduction contains Kernel-PCA (a non-linear im-
plementation of PCA using kernels), the manifold techniques (e.g. Locally Linear Embedding
(LLE) and ISOmap), and Semidefinite Embedding [76]. Of these technique groups, the most
prominent are the ‘manifold learning’ techniques.

Manifold learning approaches assume that the most important variation of the data exists
on some low-dimensional non-linear manifold in the design space. The dimensionality reduction
problem involves finding this manifold and embedding all data on it in a lower-dimensional
representation.

A real world example of a manifold can be considered to be the planet upon which we live.
Our world is three-dimensional. The cities of the world lie in a variety of 3D positions (some are
elevated high above sea level, others are closer to sea level). For an arbitrary set of orthogonal
three-dimensional axes, each city can be given some position.

When a map of the worlds cities is drawn up, the tendency is to recognise that the cities lie

on a 2D manifold (longitude and latitude) on the earths surface and that the true 3D nature
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of the world can be ignored as most of the 3D data (the uninhabited inside of the planet and
the atmosphere above ground level) is not interesting to us. This, in effect, is manifold-based
dimensionality reduction in practice, taking us from a 3D positioning system, to a 2D system.
The key is to recognise that a 2D manifold exists on which the data of interest (e.g. city locations)
can be positioned.

For arbitrary data sets, manifold learning then involves uncovering such a low-dimensional
structure in a high-dimensional data set through the analysis of the data set. The two most
prominent approaches to manifold learning are Locally Linear Embedding (LLE) and ISOmap.

LLE involves finding the set of k£ nearest neighbours for each point x and finding the set of
weights for the neighbours which, once the k nearest neighbours are combined in a weighted sum,
best recreates the original point x [I18]. A low dimensional embedding of the points is found
via eigenvector-based optimisation with the aim that each point can be recreated with the set of
weights calculated previously.

LLE has been shown to be faster to compute than its main rival in the manifold family,
ISOmap, and also to perform better on many problems. But, unfortunately, LLE has been
shown to perform more poorly with data sets which have not been uniformly sampled, as is the
case with our data set.

ISOmap consists of the following steps [134], given an input data set D = {x1,...,xy} € R?
where x; € R?, a nearest neighbour function (i.e. k-nearest neighbours or e-distance threshold

method) and a shortest paths function (e.g. Floyd’s or Dijkstra’s):

1. Form the a nearest-neighbour graph with edge weights W; ; = ||x; — x;|| for neighbouring

samples x; and x;.

2. Compute the shortest path distances between all pairs of samples. Store these distances in

Z.
3. Return Y = M DS(Z,b).

where Y is the embedded data, and the function M DS is a Multi-Dimensional Scaling algorithm
which takes as input the geodesic distance matrix Z and the target dimensionality b < d.
The ||x; — x;|| distance function can be chosen to be the euclidean distance between x; and

X4

48



i = x| = \/(Xz',l —%j1)? + o+ (Xig — Xja)°

where x; ; is the jth attribute of the ith sample in the data set.

As opposed to LLE, ISOmap can be used in conjunction with a non-uniformly sampled data
set, and therefore will be more appropriate for our work.

In [134] and since, ISOmap has been shown to perform well for pixel images. Looking at
figures [3.3] and B-4] we can gain a bit more understanding of what ISOmap does. For both figures
the original data sets were pixel images containing many pixels and thus many attributes at one
per pixel (64x64 in the case of figure . ISOmap was able to find a low-dimensional manifold
embedding where the low-dimensional (i.e. most-significant) attributes appear to have significant
meaning to the human eye (we can say that these attributes have semantic meaning).

To date, there are no studies employing ISOmap for dimensionality reduction in engineering
problems like our own. This is largely owing to the fact that ISOmap is heavily dependent on the
distance measure used in calculating the nearest neighbourhood graph, and that for very high-
dimensional problems based on 3D points in euclidean space (such as engineering problems) a
good distance measure is difficult to find. This then leads to ISOmap having difficulty extracting
the spatial information from a data set containing raw attributes (such as the coordinate values
of the points on an STL surface).

But, importantly, there are good reasons to think that ISOmap may be a suitable way of
dealing with the previously mentioned ‘bump problem’ described in section if given a
suitable representation from which to learn. Later on in this chapter we will elaborate on this

and then try to prove this using experimental studies.

3.4 Generating an experimental data set

In this section we describe the generation of an experimental data set exhibiting the properties
described in section 2.4.3] This data set will be used in this thesis to evaluate the novel solutions
put forward.

Generating an experimental data set gives us control over the data, in particular:

e We can enforce properties we are interested in.
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Figure 3.3: Two-dimensional ISOmap embedding of a handwritten number ‘2’ taken from [134].
The axes are labelled with an interpretation of their meaning.
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Figure 3.4: Three-dimensional ISOmap embedding of pixel-images of a rendered face taken from
[134]. The axes are labelled with an interpretation of their meaning. A third dimension “Lighting
direction” is illustrated with the slider bar under each magnified sample.
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e We know that the points in each surface design representation are actually match-able
and which points match between designs. This unrealistic property will allow us to make

comparisons with a theoretically perfect solution.

e We can make the designs different enough that they are interesting, but similar enough

that a machine learning algorithm can learn from them.

The properties we want to enforce in the data set (summarised from the discussion in section

2.4.3) are namely:

1. Samples are taken non-uniformly from a large space of designs.

2. Each sample is a high-dimensional surface description with an associated functional per-

formance score.

3. The number of attributes (triangular facets and their points) in each surface varies, and

the order of these attributes varies too.

4. The optimal compact representation in one location of the design space differs from that

in another (due to the functional performance score).

5. The data set has a comparatively small sample size (compared to the average number of

attributes in a sample).

At this point, the reader should be made aware that due to a limitation of the research, there is
one important property missing from this list. We will elaborate on that property in the next
section and generate a separate experimental data set exhibiting this property, albeit a highly
artificial one.

When generating our experimental data set we use two technologies, Free-form Deformation
and OpenFOAM.

OpenFOAM is an open source CFD software suite which can be used, amongst other func-
tions, for estimating the aerodynamic performance of a 3D design. For a full reference see [36].

Like most CFD software suites, OpenFOAM does not work on the surface data itself but
rather on a mesh representation of the space surrounding the object, broken down into cells. The
mathematical model behind most CFD approaches involves the simulation of particle flow on a

per-cell basis, calculating the particle flow interaction between the neighbouring cells. Typical
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for a CFD simulation is a preprocessing step where a human engineer must either completely
construct or refine this CFD mesh; itself a costly process requiring human intervention.

Free-form Deformation (FFD [124] 24]) is a control-point based method of making design
deformations and lends itself well to sculpting. Unfortunately it is quite restrictive (i.e. restricted
by the control point layout) and so tends to be useful for only very general design tasks.

One of the most attractive elements of FFD is that it can be used not only to modify a
design, but also the previously mentioned CFD cell mesh, allowing us to effectively automate
this mesh generation for any design modified by FFD [93] (providing a CFD mesh was provided
for the original surface design being deformed). As it is a deformation approach, it maintains
the structure of both the deformed surface and the deformed mesh.

Inspired by the motivating example given in section , we took the Honda Civic (European)
automobile design in STL format as a base engineering surface design (previously seen in figure
and provided by the Honda Research Institute Europe, Offenbach, Germany). This design
consists of 555,397 3D points arranged into 1,129,239 triangle faces. Looking at the unique 3D
points alone, we note that we have a total of d = 1,666, 191 real-number attributes describing
points on the surface of the design.

Considering that each triangle is made up of three 3D points, one can say that expanded,
the design is represented by 1,129,239 x 3 x 3 = 10,163, 151 real-number attributes. However
due to the redundancy of shared points this can be reduced to an array of the 555,397 3D points
and a set of three integers for each triangle indexing an entry of the array of 3D points, totalling
1,129,239 x 3 = 3,387,717 integer attributes. By modifying the 555,397 3D points alone, we
can modify the design while the triangle-face structure stays the same.

We chose to generate eight groups of 150 ‘similar’ designs, with the members of each group
being considerably different from the other seven groups. This gave us a total of 1200 designs.

The first step in applying FFD is to construct the control-point lattice in which the designs
will be embedded. Our 3-dimensional lattice was constructed with the following control point
dimensions: 9 on the z-axis, 7 on the y-axis and 9 on the z-axis, giving a total of 567 control-
points.

Eleven exclusive subsets of adjacent FFD and symmetrical control points were assigned ‘con-
trol group’ names G1,..,G11. In figure these groups have been labelled. The effect of this is

that making modification to control group GG; has a linear effect on geometry which is strong on
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Figure 3.5: Regions of the vehicle design most strongly associated with each control group.

the front-centre of the vehicle, and has no effect elsewhere.

In order to achieve our eight groups of designs, we modified control groups according to
Gaussian distributions Nij = N(/,E;j,Ez), where 7 = 1...8 is the index of the design group;
j = 1..11 is the control group index. In order to ensure the designs of each design group
i = 1...8 were substantially different, a different ,&'g and Eg was used for each i. By using
Gaussian distributions we ensure there is an average design in each design group and all other
designs in the design group are similar to this. In figure [3.6| we can see example designs from
each generated group.

As a further element of realism we made sure that not all design groups vary in the same
surface design regions. We did this by freezing modifications of certain control groups for each
design group. Table [3.1] indicates which control groups were frozen and for which design group.

Using these Gaussian distributions we were then able to generate the modified designs in
our data set, and also automatically generate their matching CFD meshes. The designs were
evaluated by a the OpenFOAM CFD solver in order to estimate their aerodynamic drag values
as functional performance (these are real numbers in the region of 230.0 - 280.0).

We then have the base version of our accumulated data set D. In the following subsections

we discuss some slight modifications which we were able to make.

3.4.1 Adding realism

In this thesis we are looking at taking a data set of diverse engineering surface design repre-
sentations and creating a single data set of unified representations for use in machine learning
tasks.

Interestingly, because of the way in which this experimental data set was generated (i.e.
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Figure 3.6: Example classes for each of the 8 design groups in the automobile data.

| Design group | Frozen control groups
1 5,4,6,7
8,9,10,11
3,10,11
2,3,4,5
1,2,3,10,11
3,7
1,3,6,8,9,10,11
4,6

QO || U = | W| DN

Table 3.1: Frozen control groups per design group.
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through FFD) we have a data set where each surface design consists of the same number of
points, and the ith point on each surface design conveys information about the same geometric
part of the surface across all the designs. This is of course unrealistic (as described in the

introduction to this chapter) and does not meet the third desired property mentioned above in
section B.4]

This unrealistic ‘matched’ representation will be beneficial when evaluating approaches to-
wards regression in chapter 4, but effectively solves this chapters problem with regards to unifying

varied engineering surface designs.

In order to prepare our experimental data set D for experiments involving representation
unification, we need to modify the data set to make it more realistic and therefore to exhibit this

more realistic property.

The process for doing this is quite simple: for each sample x; in D:

1. Split a randomly chosen number of the triangles that make up x; into three smaller triangles.

2. Reorder the triangles that make up x; by randomly swapping pairs of triangles.

The first step is designed to emulate the act of the aesthetic designer increasing resolution in
particular areas of the surface design representation. Often they will do this to realise a particular
surface shape that may not have been possible in the original surface design representation. As
the areas of the surface design being split differ between stylistic approaches (i.e. between styles
and artists), it is hard to predict where these splits may be. Therefore, although this process is
not truly random, we feel it can be sufficiently emulated by random selection in order to generate

a data set with the same properties that make the motivating problem so challenging.

The second step is important as in many engineering surface design descriptions, and in
particular STL, the order of the triangles is arbitrary, often determined by the exporting function
of the design software. For example, it could simply be the order in which the triangles were
created, the order in which the triangles are found on a particular axis, or ordered by size of

triangular face.

Once this entire process is completed, we have a more realistic data set D, denoted by D,

which exhibits the challenging properties we are interested in.
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3.4.2 Taking FFD handles as input

Interested readers should note that after using FFD to generate D, we not only have the deformed
designs that form D but also the positions of the FFD control points which lead to each in design
in D.

So, based on our control point lattice’s dimensions, we can form a 567 x 3 = 1701-dimensional
data set from these, D" This data set is a by-product of our method and although not used in

this work, could be useful in future and related work.

3.4.3 Creating an ideal data set via feature selection

In this chapter we will seek to compare our novel solution with a data set which has been pre-
processed flawlessly. We think of this as an unfeasible and ideal data set. In chapter 4, we will
also seek to use our novel solution with this in order to isolate the positive (or negative) effects of
this chapters work. Clearly, this requirement is fulfilled by D as previously mentioned in section
B.4.11

Unfortunately, the immense dimensionality of each sample in D, d = 1,666,191, makes D
unfeasible as a training set for a machine learning algorithm. Machine learning algorithms simply
will not successfully infer any rules from a data set of this dimension in a realistic time frame.
Further, the rules inferred will be less reliable (due to the curse of dimensionality), and a single
estimation may take many minutes to perform.

We can apply some dimensionality reduction to bring the number of points (and thus at-
tributes) in D down to a more acceptable number of points via feature selection. Specifically, a
simple correlation analysis was performed, replacing groups of 3D points which correlated highly
with one-another in the data set with a single representative point (the point in the group which
had the greatest range in 3D space of the geometry).

In [42] a correlation threshold of £0.3 is used for a similar purpose based on psychological
research given in 23], where it is shown that a correlation coefficient of less than 0.3 doesn’t
define an observable correlation in practice. After performing the above process with a correlation
threshold of £0.3 we were left with 508 3D points(508 x 3 = 1524 attributes). Trials with values
greater than 0.3 were attempted but resulted in a rapid increase in the number of attributes.

Knowing that our data set had been generated based on 567 FFD handles, and given the support
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in the literature, we felt that the 508 3D points found using +0.3 was appropriate. We refer to

this version of D as D, and call it the ‘ideal’ representation.

3.5 Generating a data set exhibiting the bump problem

In section [3.3] we placed particular emphasis on the manifold learning technique ISOmap. To-
wards the end of the ISOmap description we also suggested that manifold learning techniques
such as ISOmap may be able to deal with the ‘bump problem’ (refer to section in a way
superior to other dimensionality reduction approaches.

The reasoning behind this stems from the way in which [ISOmap can generate a single at-
tribute based on an abstract feature which is represented by multiple attributes in the original
representation. For example, looking at the figures 3.3] and [3.4) we see that ISOmap has found
axis attributes which each depend on many of the pixels in the original images (and thus many
of the original attributes).

Unfortunately, a major limitation of this thesis’ research is that the bump problem was
identified only after the experimental data set in section had been generated, and proved
too late in the project to regenerate the automobile data with the bump problem. It is however
important that we are able to test our theories regarding ISOmap and the bump problem on a
data set that features this property. To this end, we create another data set which, although
perhaps featuring less real-world significance, does feature the bump problem quite strongly, and
as previously stated, the bump problem is significant for our motivating problem.

We are interested in enforcing the same properties as those in section and so our method

is quite similar. The key differences are:

e instead of using a base automobile STL design and creating modifications of this design,

we use an STL sphere as our base design.

e our modifications are restricted to procedurally moving a bump along the top the design,

along the x-axis.

e we again create clusters of 150 samples each in our data set, but this time we create just

three via modification of the ‘base design’ for each cluster.
Once again, we use a OpenFOAM CFD solver to compute the drag values for the designs for
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Figure 3.7: Example classes for each of the 3 design groups in the spheres data. The examples
taken show the bump at its left-most, central and right-most positions.

the 450 designs generated (with the airflow direction being along the x-axis). In figure we
show three of these STL designs for each of the three clusters in our data set. The images are
based on the samples where the bump is at its left-most position, centre position, and right-most
positions respectively.

For the remainder of this thesis, we shall refer to this data set as the sphere data set, D?.
We will be using this data set in chapters 3 and 5, where we have the opportunity to prove the

benefits of using ISOmap to combat the bump problem.

3.6 A novel conversion framework: KGrid

In this section we suggest a novel approach to converting our data set of diverse STL format
engineering surface designs into a format suitable for machine learning. We begin by summarising

the aims of such a conversion system before describing the approach.

3.6.1 Aims of the approach

Our approach should address the following over-arching problem:
1. Given a data set D of N surface descriptions formed of triangular faces (as in STL format).

2. Where each surface description in D is non-standardised, i.e.:
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(a) Each of the N surface descriptions can feature a different number of triangular faces.
(b) No standard order of faces exists across D.
3. Generate a representation of D suitable for use as input into a machine learning process

(either dimensionality reduction or generating a regressor).

In other words, take a data set of surface designs described by an arbitrary number of unordered
triangular faces, and produce a single representation for use in machine learning. This single

representation should:

1. Compute in as short a time as possible (seconds) for a given design.

2. Enable a machine learner which achieves comparable performance to other, more compu-

tationally intensive, approaches.

3. Improve the application of ISOmap to engineering problems in comparison to other ap-

proaches.

4. When coupled with ISOmap, be shown to deal with the ‘bump problem’ for engineering

surface design data.

5. Perform the above across a broad space of possible surface designs.

3.6.2 The method

The methodology, which we term KGrid, involves generating a 3D grid of cells and approximating
the intersection of each cell with the surface design. In this way it is similar to canonical

voxelisation, but there are notable differences:

e The intersection value for a grid position is continuous, not binary, providing an estimate

of how much each cell intersects with the surface design.

e In order to facilitate a fast and efficient computation, the surface intersection is approxi-

mated rather than explicitly computed.

e (Canonical voxels are cuboid in 3D space. In KGrid we opt for spherical cells as the inter-
section test is simpler than with cuboid cells. Also, as the spheres overlap at their closest
points the representation may be more suitable for ISOmap, as a surface feature will rarely

intersect just one spherical cell.
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Algorithm 3.1 Construction phase for KGrid.

1.

Given the parameter 7, the number of sphere-cells on the z-axis; and data set D containing
N STL designs, x; € R *x3x3,

Find ming, miny, min, as the minimum value on each axis in D.
(a) Subtract some padding, ¢, from each of these.

Findmaz,, maz, and maz, as the maximum value on each axis in D.
(a) Add some padding, €, to each of these.

Calculate the partition width p = (maz, — ming) /7.

The number of sphere-cells on the xz-axis, K, = .

The number of sphere-cells on the y and z-axis, K, and K, can then be determined such
that:

(a) p x Ky > max, — min,.

(b) p x K, > maz, — min,.

Calculate the radius r = 1/3p? such that each sphere touches its grid neighbour in each
direction.

Initialise the KGrid as a grid of K, x K, x K spheres with radius r:
(a) ;% is sphere at the ith position on the z-axis, jth on the y-axis and kth on the
zZ-axis.

(b) The centre point of sphere s; ; i,
cijr = {ming + (p/2) +ip, min, + (p/2) + jp, min, + (p/2) + kp} € R3.

(c) The radius of sphere s; j , 7ijr = 7.

The KGrid method involves a grid construction phase shown in algorithm listing [3.1]

The padding, €, is chosen such that it is likely that future previously unseen surface designs

will fit within the extremes of the KGrid. The 7 parameter effectively defines the resolution of

the KGrid and will likely be problem specific.

In figure 3.8 we can see a 2D visualisation of KGrid’s layout. The key notions to take from

this figure are that the centres of the sphere-cells are computed such that there is no space

between any sphere-cells. The effect of this is that each sphere-cell overlaps with its neighbours

at the closest point (shaded in grey).

We then use the initialised KGrid to convert surface design x into X as shown in algorithm

listing [3-2}
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Algorithm 3.2 Converting design x into x via KGrid.

1. Initialise an array, X, containing K, x K, x K, entries where X € RE=

XKyx K, and ji,j,k

represents the entry in X corresponding to sphere s; ;..

2. For each sphere s; j, where 1 <: < K,;, 1<j<K,, 1<k < K;:

Find the closest point v to ¢; jx in the triangular surface description x.

Find the list of triangles L which involve v as l,, where 1 < m < M and M is the
number of triangles in L.

Project ¢; j 1 onto the plane of each triangle in L as c;.”j o Where 1 <m < M, and use
barycentric coordinates to determine if ¢ 1s in that triangle.

i. If so, store the iy g in list M.
For each triangle in L, 1 <m < M:
i. Project ¢; j 1 onto the plane of each triangle in L as C%k
ii. Determine via barycentric coordinates if ¢ 1s the mth triangle.

A. If so, store ci g in list M.

B. Else, discard c;”j i
If M is empty,

i. Set u=w.
ii. Set 77 as the average normal of the faces including v.

Else if M is non-empty

i. Set u to be the point in M closest to c; j .
ii. Set 77 as the normal of the triangle on which it was found.

Compute @ as the plane intersecting point « with normal 7.

If @ intersects with s; 1, set &; j 1 to be a value in [0...1] representing the intersection
of @ with s; ;1 as a fraction of 2r; ;1.

If @ does not intersect with s; ; 1, then compute which side of @) that s; ; is in. If in
front, &; jx = 0; else if behind, &; jx = 1.
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The result of this process is a representation which approzimates the volume of the 3D space
within the grid being intersected by the surface design. To aid conceptualisation, in figure [3.9
we go through the generation of the attribute value for one of the sphere-cells in a design (refer
to the figure caption).

We consider it an approximation of this because we spare ourselves costly triangle intersection
tests across the whole design (as with canonical voxelisation), at the cost of some accuracy, instead
performing a computationally simpler search for the nearest 3D point. This computational speed-
up is further facilitated by the use of overlapping spherical cells (meaning that the grid need not
be so granular as a voxelisation grid). In figure is a 2D visualisation of KGrid operating on
a surface design which shows how accuracy errors manifest (refer to figure for caption).

As with canonical ray-based voxelisation, KGrid can be made more efficient through use of
space-partitioning techniques. For example, using a binary space partitioning (BSP) tree, one
can avoid a number of unnecessary distance checks and observe a substantial computational
speed up.

It is recommended that some dimensionality reduction technique then be applied to this

representation before training of a regressor.

Immediate benefits

So what have we gained against other approaches? Making comparisons to the approaches in

section [3.2] we see that KGrid:
1. Can be used on an arbitrary range of designs (compare to the reference model approach).

2. Is an approximation and so does not require exhaustive computation (compare to the

canonical voxelisation approach).

3. Is non-stochastic and does not require a costly learning process.

3.7 Empirical analysis of KGrid

In this section we empirically analyse the performance of KGrid in a set of experiments. First we
will discuss the application of ISOmap to clustered data, as this is slightly problematic and will

require some careful thought. We then perform some useful experimental comparisons, using the
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Figure 3.8: 2D visualisation of a uniform KGrid. Each sphere-cell has the same radius, the
position of its centre is merely different. Note that each sphere overlaps with all of its neighbours
(overlaps have been shaded grey). This also happens in the third dimension, such that there
exists no space that is not within at least one sphere-cell.

results of these to draw conclusions regarding the effectiveness of our solution. Finally we will

evaluate the method by the aims originally summarised in section [3.6.1}

3.7.1 Applying ISOmap to clustered data

Shortly we will perform experiments involving KGrid in order to evaluate its suitability to the
task. Our experiments will involve PCA and ISOmap as dimensionality reduction techniques.
We look at PCA because it is well established and understood, while we look at ISOmap for the
reasons previously mentioned in section [3.5] Before we can do this though, we must first discuss
how one applies ISOmap to data which is clustered, such as our data sets D and D?.

Canonical ISOmap uses a nearest neighbourhood graph where each sample has k edge-
connections, or conversely an e value can be used to define the maximum distance at which
two samples may be given an edge-connection in the graph. This nearest-neighbourhood graph
is then used as basis for the generation of a shortest paths graph.

Reasonable values of either k or € on a clustered data set such as ours will result in a shortest

paths graph where the clusters are not inter-connected and so shortest paths aren’t calculated
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Figure 3.9: 2D visualisation of representation generation for a surface. Here, the intersection
value for cell i, j, k is being calculated given a surface (represented as a black line with shading
on the inside). In the first image, the nearest point to ¢; ; j, is identified, v. Following this, in the
second image, we list all the primitives that share v in list L = {l1,l2}. Finally, given the planes
(in 3D) formed of the each primitive in L, l1,l2, we project ¢; j, onto each (using the plane’s
normal), giving cl{ ik and ci ik respectively. A primitive intersection test with each of these shows
that only 0%7].7,{ is inside its respective primitive (l3) and is thus goes into list M. As this is the
only entry in list M, the plane @ is set to be the plane on which [ sits. The intersection of Q
with the i, j, kth sphere-cell (shaded light-red) is then used to determine the value for cell i, j, k
(here it might be =~ 0.6).
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Figure 3.10: 2D visualisation showing how a surface is represented under KGrid. Each number
(determined by eye) represents how much of the sphere (from one side to the other, rather than
area) is intersected by the surface design (black outline, shaded grey inside). The values in the
top image are what we might expect from an ideal approach. In saving computation, KGrid
estimates these using just one face intersecting each primitive. Thus, the values in the bottom
image are what KGrid would likely find (the coloured & dashed lines indicate the overlap of
the plane used as @ in the calculation for that sphere, where applicable). Note the error in the
fourth sphere along, top row.
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between the members of two separate clusters. On the other hand, making k or € large enough
that all clusters connect under canonical ISOmap will damage the overall effectiveness of ISOmap.
Canonical implementations of ISOmap allow the user to choose one of the shortest path graph
clusters and to discard the other clusters along with their samples.

For this reason, canonical ISOmap is clearly not designed for use on clustered data sets such
as our own. In fact, applying canonical ISOmap to D, a KGrid representation of D¥/D% or a
voxelised representation of D results in eight shortest path graph clusters (one for each cluster
generated in the data set). If we select a single cluster, clearly we discard the other 1050 samples:
too many samples to lose.

In the literature there is no clear way of dealing with this in a way that would enable ISOmap
to function effectively. In our tests we have looked at three ways of dealing wit