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Abstract

Procedurally generated textures have seen use in many applions, are a high-
interest topic when exploring evolutionary algorithms, ad hold a central interest
for digital art. However, there is an existing diculty in nd ing suitable heuris-
tics for measuring perceived qualities of an image. Partizr di culty remains for
guantifying aspects of style and shape. In an attempt to brgke the divide between
computer vision and cognitive perception, one set of propas measures from pre-
vious studies relate to image spatial frequencies. Based existing research which
uses power spectral density of spatial frequencies as an aiee metric for image
classi cation and retrieval, we believe this measure and loérs based on Fourier de-
composition may be e ective for guiding evolutionary textue synthesis. We brie 'y
compare some alternative means of using frequency analygisguide evolution of
shape and composition, and re ne tness measures based onuFer analysis and
spatial frequency. Our exploration has been conducted witthe goals of improving
intuition of these measures, evaluating the utility of thes measures for image com-
position, and observing possible adaptations of their use digital evolutionary art.
Multiple evolutionary guidance schemes with consideratiof the spatial frequencies'
power spectra and phase have been evaluated across numetangets with mixed
results. We will display our exploration of power spectral @hsity measures and their
e ectiveness as used for evolutionary algorithm tness tayets, particularly for basic
compositional guidance in evolutionary art. We also obsex\and analyse a previously
identi ed phenomenon of spatial properties which could lehto further consideration

of visual comfort and aesthetics.
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Chapter 1
Introduction

Digital art can bring to mind many wide and varying concepts ad examples. Many
digitally-produced, original pieces have found their ownczlaim, as have novel vari-
ations on existing classics. It is trivial for software to pecisely replicate a digital
image. Conversely, we nd it dicult to autonomously produce new images with
similar aspects. Forming correct abstractions between thdigital data and visual
interpretations is an ongoing challenge covering many e&dof study.

Where a function or procedure is able to produce an image in apecipled fashion,
we can call these results procedural (procedurally geneedf images [1]. The ability
to form minor alterations in these procedures allows us to sity make changes in a
structured manner, though it may not always be cleaa priori how these changes
will come to manifest. By combining together parts betweenhe better performing
procedural textures, we may gradually re ne them, and allothem to exceed beyond
the performance of any single prior texture. With this proces of evolutionary re-
nement, we are able to explore many similar images which caeature novel and
creative variation.

Procedural texture evolution has shown its use in applicains ranging from in-
teractive art systems [2], image lter adaptation [3], camo age generation [4], and
game asset generation [5] amongst others. Evolutionary atghms (EA), and notably
genetic programming (GP), are able to non-exhaustively elgre the space of possible
textures with little explicit understanding of how to e ect high-level image changes
[6][7]. Perhaps the most critical component in all EAs is thetness measure, de n-
ing the meta-heuristic which guides the search to optimal Bdions. With texture
synthesis, a bridge is needed to cross the divide from computvision, information
theory, and computational intelligence attributes we canwaluate from our rendering,
to the psychological and cognitive understandings of peim#on.
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A number of measures for colour modelling have been exploraexisting research,
for both retrieval and synthesis, with various degrees of perted success [8][9][10].
Finding a measure for the comparison of spatial characterniss has remained di cult.
We nd that many existing frequency decomposition measureae not well-suited for
the purpose of texture synthesis. It would therein be of gréaise to nd a simple
measure capable of guiding the shape of evolved images.

In investigating the existing measures that can be computddom a rendered tex-
ture, measures related to power spectral density appear te lpromising. Estimates
of power spectral density are based on the discrete Fourigahsform of a signal |a
measure of power across each component frequency. For 2D mjapilons, a radial
average of the 2D DFT coe cients with common polar distance @me spatial fre-
guency) can be obtained for a more robust, abstract measur&.number of papers in
image analysis/retrieval research [11][12][13] have befeund which use this measure
and its aggregates to more e ectively classify images based computationally tricky
but perceptively obvious attributes (.e. Eastern vs. Western art; Portrait vs. Sketch
vs. Landscape).

Between the successes found in texture synthesis with evtbnary algorithms,
and the classi cation and perceptual relations with powerectral density and other
Fourier decomposition abstractions, we believe the comlaition of these ideas may
lead to improved texture generation schemes which can battearget the high-level
image characteristics of shape, texture, or style.

1.1 Purpose

With spatial frequency being one of the more human-intuitiveneasures for shape
and composition, and with the amount of existing researchnking the measure to
human perception, we believe it shows great promise as a téal guiding evolutionary
textures with a more direct interpretation. Our goal is to eplore the ability of these
measures as used in evolutionary texture synthesis and exatle the utility that these
measures may have for the production of digital evolutiongrart.

We will be considering our models of shape from a target imafg use as a guide
when evolving new images and textures. However, an exact rastuction of a target
image would not be ideal. Rather, it is hoped that by capturig and reproducing key
spatial attributes of the image, we can see novel images wiahmilar properties emerge
in a creative exploration.

In attempting to ful | our goals, there are a number of milesbnes that will guide
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our research. Largely as part of our background materials i@hapter 2.3, we aim
to rst re ne understanding and intuitions regarding the 2D Fourier decomposition
and its related, abstracted measures. Using our genetic pragiming engine with a
basic con guration, we will then produce grayscale textuseand explore the ability of
various Fourier-based tness measures to replicate spatjroperties of target images.
In this regard, these spatial measures should be consider@dboth the micro and
macro scales. We will then evaluate the tractability of thesmeasures for guiding both
micro-level image re nements (style), and also lower fregumcy, macro-level image
re nements (composition and shape). We hope that this will @ an additional tool
for these systems which can capture and guide these shaperahteristics.

To facilitate a more objective evaluation of these measuresve will host and
analyse an online questionnaire. The results of this questinaire should show whether
or not these measures can produce visually distinct styles oompositions which
relate to their targets; measures which can therefore captiand guide critical spatial
attributes in their evolved images. The questionnaire may é able to validate a
link between our measures of spatial properties with humarepception through the
opinions of the participants. It is our hope that we will nd ecient convergence
toward these targets, and a means to generate textures withstinguishable spatial
properties.

Finally, following any success we see while pursuing the aleowmilestones, we
will re-evaluate the utility of these measures for image cqgmosition in colour images,
and using a more creatively-tuned evolutionary art system.We will display our
exploration of power spectral density measures and their ectiveness when used for
creating digital evolutionary art.

1.2 Thesis Structure

The layout of this thesis is roughly chronological and folles the ow of our explo-
ration. In Chapter 2, we will present a summary of backgroundhaterial pertaining
to genetic algorithms, procedural textures, and applicatns of the Fourier transform.
Chapter 3 will then outline key pieces of literature which hee guided or o ered points
of consideration for our experimentation. Chapter 4 will dgcribe our system and its
base con guration details, which will be followed by the irtial tness experimenta-
tions in Chapter 5. Chapter 7 will break to the user validatia survey |con rming
the ndings of the previous chapter |before returning to additional exploration and
evaluations of utility for evolutionary artwork in Chapter 8. Potential concepts for
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future studies will be outlined in Chapter 9.2, shortly afte we conclude the results
of our ndings in Chapter 9.



Chapter 2

Background

2.1 Procedural Textures

As the state of the art around computer graphics has advancedge have seen greater
and more novel methods of rendering scenes through the usealigjfital controls. Al-
gorithmic methods to synthesize or alter various parts of aigital scene | including
geometry and models, scene composition, shading, textugith constitute the core
premise of procedural rendering techniques.

While many aspects of digital rendering may have an algorithim component
to them, we consider textures and images to be \procedural" ven they can be
synthesized without direct reference to some base image [II] contrast to approaches
like non-photorealistic Iters [14], or other styled Iters which apply e ects on a source
image, procedural textures should be able to produce a remohg without dependence
on existing digital renderings.

Procedural textures have some potential advantages overmg existing images in
certain applications, such as compactness, variability tbugh parametrization, and
the ability to Il arbitrarily sized regions without obviou s repetition [1]. While a
potential advantage of having no xed resolution is maintaied, many of the other
advantages will be lost for the exploration in this thesis. Bher, the key advantage
of procedural textures for our usage is their e ciency and tactability to be adjusted
with evolutionary algorithms, as discussed further in Sulestion 2.2.1, and Section
3.1
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Figure 2.1: Rendering A Procedural Texture From A Function

h
1
. . . . Intensity = function( U, V )
=0.6
i

o X (mapped by U)

(A Aq paddew) 5

2.1.1 Functional, Symbolic Expression

A procedural texture can use a formula or algorithm to determe colour or intensity
values for each position in an image or texture (texel) [1]. Wle algorithms which
produce textures of xed size and shape are also common, wel woncern ourselves
most with functional textures which are rendered as a compation against the po-
sition corresponding to a texture element (texel) as in Equi@n 2.1. This function
can be consecutively evaluated for each position in a digiteanvas, determining its
intensity or colour values, and thus producing the intendecendering (see Figure 2.1).

| = TextureFormula(U;V) (2.1)
(R; G;B) = TextureFormula(U;V) (2.2)
(R;G;B) =(r;g;b) where (2.3)

r = TextureFormulag(U; V)
g = TextureFormulag(U;V)

b= TextureFormulag (U;V)

Simple 2D texture functions can be created using texel coandte variablesf U; Vg,
and a minimal set of arithmetic operators. These operatorsaan be nested to induce
greater image complexity, where periodic functions tend tprovide image repetition,
and discontinuous functions such as conditional operatocan create contrasting in-
tensity changes. Limiting the variable ranges, as well as emator and operand type
can also in uence the nal rendering. For procedural textues, the texture coordinate
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Figure 2.2: Rendering Window Bias | A unit circle rendered abou the origin in
windows, from left to right, of [ 1;1], [G 1], [ 1;15]. Placement and scale show bias
from window.

system, or rendering window, can refer to the range of numisem each dimension
which map between the integer indices of a pixel and the valsigrovided as texels.
Certain window ranges (e.g. [0,1], [-1,1], [0,128], ...) sméavour di erent end results
in conjunction with the available operators, as shown in Fige 2.2.

2.1.2 Noise Generation

The introduction of seemingly random characteristics witim an image is one of the
most important tools in the creation of aesthetic procedutaextures. While certain
classes of textures may bene t greatly from the regularityhtat mathematical expres-
sions can o er, the realm of aesthetic textures often appretes a hint of randomness.
Natural-looking images, and textures inspired from natureften see a combination
of repeated patterns with some noisy variations [1]. Noise rggrator functions can
easily introduce stochastic elements to the rendered texti

A truly random noise implementation (.e. providing a random value at each eval-
uation of the texture function) is often too chaotic to be use for aesthetic purposes.
The contrast in values at adjacent positions is often too ga¢. A more suitable result
can be obtained by creating a smaller sampling of points torfo a lattice, which can
then be interpolated between[1]. This has an advantage ofguiding a highly stochas-
tic feel, while maintaining a owing, structured appearane | gradient noise. Such
a noise generator should be seeded, and not truly random, @nadjacent rendered
positions are evaluated through separate calls to the pratgral texture function. If
the randomness is not reproducible, the procedural textumaay evaluate with vastly
di erent appearances in subsequent renderings.

Fractal noise is argued to be the most important element in nu®rn, aesthetic
texture generation [1]. Expanding upon a gradient noise inlgmentation (such as the
renowned Simplex or Perlin variants [15]), derivative nogsgenerators can be produced



CHAPTER 2. BACKGROUND 8

Figure 2.3: Fractal Noise Generation | FractalSum noise geneated with 1 to 4
octaves

Figure 2.4: Noise Generator Examples | From left to right: Simpex, Perlin, Turbu-
lence, Marble

by combining resultant noise at various resolutions. By suming these intermediate

noise results, we can generate a fractal noise that has botkaft ow and high amount
of ner detail [16]. Figure 2.3 shows a smooth FractalSum n@generated at various

maximum resolutions. Noise functions could be further adjtesd and composed to
alter the characteristics of the noise, achieving desireditural e ects. Some examples
are provided in Figure 2.4.

2.1.3 Colour Schemes

Colour is a key factor for the development of modern textures Multiple colour
channels can be evaluated separately, each with their ownigoe expressions (such as
in Figure 2.5, and Equation 2.3). Alternately, an expressionoeild use functions which
support vectors, tuples, or other higher-dimensional tyme and could consequently
return a suitable tuple result for each position i(e. a triplet for data in an RGB
colour scheme, as in Equation 2.2).

In considering possibilities for colour schemes, the decta standard is RGB, which
represents the intensities of red, green, and blue light toigplay for a given pixel.
While the scheme is convenient for modelling the additive aanlr properties of pro-
jected lights, it can fall short in comparison to other schemss for modelling human
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Figure 2.5: An example of a procedural texture produced throhgseparate colour
channel evaluations. Each colour channel of the texture i€mdered through eval-
uation of a separate program tree. The nal texture (top-lgf quadrant) is shown
alongside renderings of each individual channel.

, Individual

£l || Channel[R]
= || abs
=0 sgrt
= 4 abs
B | max
B J sqrt
ey
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visual sensitivity, or for e ciently encoding the more desgn-focused properties of a
colour palette. While RGB channels are simple for use at a badnardware level, it

would be expected that common gradients perceived across iamge would induce
non-trivial changes to each channel.

One of many alternative colour schemes for considerationtilsee HSL scheme [17],
which includes a colour channel for each of the abstractedgmerties of hue, satu-
ration, and lightness. Depending on the desired e ect of thprocedural texture, it
may be easier to represent a desired e ect by changing one bketmore abstracted
HSL channels, instead of requiring a change to each of the RGBatinels in lock-step.
Figure 2.6 shows a visual layout of the RGB and HSL colourspacasross their three
dimensions. The translation from any colour scheme to the tiee RGB represen-
tation may require a minor cost in computation, but could be et from the more
conceptually friendly (and easier to manipulate) texturednction.

2.2 Genetic Algorithms

Genetic algorithms (GA), and more speci cally genetic proggmming (GP), are types
of meta-heuristic, evolutionary algorithms which re ne ppulations of possible can-
didate solutions to produce an improved approximate answerln nature, we nd
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Figure 2.6: HSL and RGB Colour Models Compared[18][19]

HSL RGB

the process of natural selection leads to generations of aespes which have been
passed more ideal genetic traits, and are better able to sivg and adapt to their
environments. By using this as inspiration, and continuous preferring the more t
individuals as candidate solutions, genetic algorithms arlikewise able to gradually
re ne their population of nal generated solutions over a nmber of virtual genera-
tions.

As genetic algorithms do not inherently make any assumptiorabout the data on
which they operate, one key advantage is that we can use GAs twestigate a search-
space of otherwise unknown structure. That is, GAs provide us method to re ne
solutions where it may not be clear how to strictly improve upn an existing solution,
so long as an evaluation criteria is provided. Genetic algtrms have shown their
capability to solve problems of optimization, regressiorglassi cation, and arti cial
life among other search problems [20].

While an advantage to genetic algorithms is their utility in keing purposed toward
a large variety of problems, there are a number of elementsquering consideration
and tuning to achieve useful results. As the algorithm re neshe individuals in a
population and improves approximation, it is necessary toalermine a termination
condition. It is possible that a single optimal solution carbe found, at which point
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we should not persist in searching further. However, it is nalways the case that a
perfect solution can be found, or even exist. Alternative temination criteria may be
to stop when a \close enough" solution is found, after a numbef generations has
passed, or after some amount of time has elapsed.

Depending on the termination criteria, a maximum number of gnerations may
need to be specied. A larger number of generations permiterfmore adjustments
to a candidate solution, and thus a wider traversal of the ptdem search space, but
we often see diminishing returns. The maximum number of geam¢ions would need
to be balanced with the time it takes to execute the run, as badr results may be
found from performing multiple shorter executions.

A key con guration a ecting performance and execution timeof the algorithm
would be the size of the population being re ned. Reducing ghhumber of possible
candidate solutions to evaluate and re ne each generationay reduce the execu-
tion time, but it likewise reduces the amount of genetic matal that can be easily
transferred amongst the remaining solutions. This is a prdéém of ensuring su -
cient genetic diversity, and can be alleviated somewhat byekping a copy of the best
solutions of the previous generation (elitism), or by empyang schemes with sub-
populations, such as segregating and infrequently mixingaups of the individual
solutions.

Other key considerations which we will explore in more deptimclude the repre-
sentation of candidate solutions, possibility and frequey of solution-adjusting oper-
ations, and the evaluation criteria for how ideal or \ t" a solution is.

2.2.1 Representation

A critical requirement for the success of the genetic algtiims is to ensure that
our representation of a possible solution be suitable for ¢htype of problem we are
solving. The way we encode an individual should be able to megent a valid solution
to the problem, and should permit veri cation of the solution without error. For
the sake of performance, it is ideal that a representation kable to hold and express
easily mutable elements which alter small, granular aspecof the solution to allow
re nement.

A canonical genetic algorithm representation is encoded & at array of some
data type, where each index in the array may represent a smaklpect of the solution.
In the case of genetic programming, we consider the underigirepresentation of each
individual to be one or more trees of functions and operand&ften for intermediate
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Figure 2.7: Genetic Algorithm and Genetic Programming Represtation { A at GA
representation using both binary (top-left) and signed by (bottom-left) data types,
and a GP tree representation (right).
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processing, we can view this representation as an S-expi@ss Figure 2.7 contrasts
the canonical GA and GP representations.

An additional consideration for using a functional, tree regesentation pertains to
language choices. The set of possible functions which canused for a given node
should be capable of expressing and leading candidate smlos to a valid answer
(e.g. it would be di cult to express a periodic function using only basic arithmetic).
Likewise, the set of possible terminal nodes can also biadusions toward chosen
coe cients, or may prevent a useful function from being forred (e.g. a classi cation
problem missing a terminal which represents an input varide may not have su cient
ability to make a determination). Regarding terminals, we ray often see input vari-
ables (and values derived from them), user-de ned constagtand ephemeral random
constants (ERCs, randomized values which persist for the chtion of the run).

A concern in genetic programming with immediate consequesgis the assurance
that a solution can be evaluated without critical error. As ndes of a tree are recur-
sively evaluated, we need to ensure that the range of eachldhmode is the domain
expected of that operand. Evaluation of a function node mudie protected against
errors including division by zero, and roots of negative nupers, requiring the creation
of safe variants of any o ending function.

In the case of textures and images, representation of indilials, and particularly
its bias in artistic criteria must be considered. The use ofitmaps as representations is
often too ne and granular; we often wish to use some abstraoh to move ideas onto
our canvas. As procedural textures can be generated througimttion composition,
a GP representation seems well suited. However, we must be dfil of language
choices, as it is often said to be one of the greatest factorshiasing the style of the
resultant images. The meta-heuristic abilities of GP haverpven themselves capable
of overcoming the trickiness in meaningfully adapting theslow-level expressions to
have higher-level features and thus make it a reasonable sgastrategy for textures.
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Figure 2.8: Genetic Programming Reproduction Operators { kted nodes being
swapped in a crossover (left), and newly grown nodes replagithe selected sub-tree
during mutation (right).

o] [a] o] [v] [v] [v] o] [ [2] [1]

2.2.2 Reproduction Operators

The two key types of reproductive operators used to carry getic material to sub-
sequent generations are crossover and mutation. A canori€A or GP representa-
tion has very straightforward methods of implementing thesreproductive operators,
though a non-standard representation may require custom prementations depen-
dant on their representations and constraints. In all casest is ideal to plan the

representation accordingly so that reproductive operatoralways result in valid solu-
tions. A fragile representation may not be left in a valid stee at the conclusion of
a crossover or mutation operation, though it is possible (aéit additional work) to

perform a correction on the individual after the operation cmpletes.

The purpose of the crossover operation is to exchange genetiaterial, and therein
aspects of a solution, between two parent candidate soluti®. A pair of child can-
didates are formed through recombination by rst copying eeh parent, and then
exchanging a subset of their genetic information (values their representation). In
the ideal case, the aspects of a solution borrowed from thehet parent would in-
tegrate well and produce one or more individuals which outplerms the original
parents. This operation is the crux of genetic algorithms, sait is precisely what
permits superior candidates to share bene cial traits, anthus have the population
converge on improved solutions.
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Crossover operations in canonical GAs are performed by rsswblishing regions
along the at, xed-length vector representation, as denoéd by a number of points.
These points may be xed, or chosen randomly for every set ofgents [6]. The
contents of alternating regions are then exchanged to prode the child candidates
for the next generation. With a GP tree representation, two no-root nodes are chosen
at random (possibly constrained by data type, depth or sizeand swapped. Barring
additional constraints, two child candidates should be piuced by recombination for
each execution of a crossover operation.

The other common reproduction operation is mutation, the dgred result of which
is to introduce genetic diversity. Without an element of mutéion, we would see pop-
ulations quickly converge to show a small subset of the irgli genetic information
available [6]. By randomly changing small aspects of a solom, we reintroduce in-
dividuals into the population which are (we hope) at least nosubstantially worse
than the average, but which employ a potentially unseen train their solution. By
slowing the rate of convergence and maintaining genetic @nsity, we dissuade the
search from getting too focused on local optima.

Mutation operations in the canonical GA representation iswjte simple: a random
region of the vector is overwritten with random data. While maginally more com-
plicated with GP, a random non-root node is selected (agaippssibly constrained by
size or depth), and a tree-building method is used to produeereplacement sub-tree
whose size is similar to the one being replaced. With GP, futh mutation variants
and con gurations are commonly employed, such as adjustirtge probability of se-
lecting a terminal or non-terminal node for replacement, ousing speci ¢ percentage
adjustments to modify the value of ephemeral constants.

A nal consideration in the use of various reproductive opeations is to deter-
mine the probabilities of executing each possible operatio An excess of crossover
operation calls per generation may result in quicker, preri@&e convergence on a
sub-optimal solution. Conversely, using too high of a mutan probability may not
allow for more ideal solutions to recombine, and may be sirailto a random search
or hill-climber approach.

2.2.3 Evaluation

As the core concept of genetic algorithms is to preserve thengéics or aspects of
more ideal solutions in subsequent generations, it is caal that we have a way of
determining which of multiple candidates are most ideal. Dwinian evolution is
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principled in the notion of small, inherited changes imprang the survivability of a

species. To replicate the concept of survival, we need to ik competition between
individuals based on a function evaluating their \ tness". These tness functions are
used to assign a score of correctness to each candidate sotytand must be crafted
carefully.

The immediate use for the tness function within the algoribm is for the se-
lection of individuals whose genetic material is to be (pa#dlly) used for the next
generation. Multiple strategies exist for choosing whichgrent individuals are used
in a reproductive operation, but perhaps the most common miedd is a tournament
selection scheme. In such a scheme, a xed number of randondiinduals within
the population are considered, and the one whose tness fuimn produces the best
evaluation undergoes reproduction to the next generatiort.he number of individuals
chosen for the tournament can in turn adjust the selection pssure, and so should be
balanced between favouring the best candidates of the geaon and maintaining
genetic diversity.

In supervised learning systems, we may wish to evaluate algadn across numer-
ous scenarios, positions, or data points to nd an aggregaperformance measure of
the candidate solution. Often in these cases, we would like tvithhold a portion of
the data points for validation and testing; these points enge that the solution is not
over-trained, and do not contribute to a solution being cared over (or not) to the
next generation. In unsupervised learning, such as in an aystem, we are often less
concerned with over-training and adaptability of our solubns, but instead hope for
an exploratory search where tness models guide solutions many possible solutions
in the search space having certain traits.

While supervised and unsupervised learning problems alikercmake use of tness
functions which are able to automatically score candidatehuitions, there is a notable
alternative approach often seen when evaluating texturesnages, sounds, and other
subjective mediums, namely to have candidates evaluatedtkvione or more human
observations in what is known as aesthetic tness scoring. W& notable e orts
have certainly been made to produce models of aestheticsjsgtstill very di cult to
nd precise de nitions and quantitative scores for any sortof aesthetic criteria. By
allowing users to specify their preference for each indiwidl, we can further guide an
exploratory search to match the interests of the user. A ciial limit in the utility of
this approach is that numerous subsequent evaluations cagale a user fatigued and
drain their interest [21, 22, 23].
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2.2.4 Multi-Objective Schemes

While some problems permit us to evaluate solutions with a sing measurement
(such as overall error in a regression problem), there aresalproblems where a score
cannot be easily expressed in a simple scalar value. Oftenan exploratory search,
we may want to nd solutions which ful | multiple constraint s. When we wish to
explore a problem landscape using more than one criteria,ngdic algorithms require
us to employ a multi-objective tness scheme to express whiéndividuals are more
desirable during a comparison.

Simple schemes for combining multiple objectives into a gjle measure include
weighted sum, and normalized product approaches. To prodei@ weighted sum, we
simply consider providing a weight coe cient to each measu which determines how
much that objective contributes to the nal score, and summig these weighted values
together. For a normalized product approach, individual messures in a [Q1] range are
multiplied together to form a compounded product. This woud ensure that a poor
score in any individual measure reduces the nal resultantcere appropriately. One
considerable downfall to both of these simple schemes is tit@aving non-normalized
individual measures makes the schemes either unsuitable feravily biased. While
a weighted sum approach can operate with non-normalized @atit would then also
require either all measures to be increasing with performem, or all measures to be
decreasing with performance. The precise weighting amohgdjectives is also an
extra consideration.

One well-noted scheme which overcomes many of the issueshia previously dis-
cussed naswve approaches is the Pareto ranking [24]. Instkaf using a single concrete
evaluation to determine the tness of the individual for theentire run, we instead
score the individual in relation to the other individuals casidered in that generation.
We only consider an individual to be better than another if itis at least as good
for every considered objective, and also better than the ath at one or more of the
objectives. This approach uses the concept of Pareto domiree to produce a number
of tiers, or \fronts", or equally viable solutions. Possil# concerns with this approach
are that it is not suitable for large number of objectives (quently limited to 4),
and that it can lead to solutions which excel in single objentes at the detriment of
others.

A scheme which employs the best aspects of the above appraxclis a sum of
ranks (or average rank)[25][26]. After obtaining the raw nasures for each tness
objective, we can produce a comparison of individuals by dteng how each measure
ranks amongst other individuals in the generation. By normeing the rank of each
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measure, we can then revert to a (weighted) sum of these rangs. This eliminates
our requirement of normalized tness measures, and the reigement of all objectives
being strictly minimizing or maximizing, while also encowaging solutions which per-
form well across all considered objectives. Though this sghe tends to perform well
with uniform weighting, we are also provided the option to cstomize this weighting
to in turn re ect the importance of speci ¢ objectives. Thisapproach has also seen
improved results for texture generation when combining siphe design criteria and
aesthetics [27][28].

2.3 Fourier Transform

Fourier analysis is a well-known tool which sees substaritiase in signal processing
applications [29]. The operation converts a signal with sgofes based on amplitude
at points in time, to a representation which shows the powernal phase of the sig-
nal's constituent frequencies. The discrete Fourier trafrm (DFT) variant, and
speci cally the fast Fourier transform (FFT) implementation, provide for an e cient
conversion of short sampled signals to an overview of thereuency composition.

The Fourier transform provides us a way to display the signas a sum of cosine
and sine terms, where the frequency of each periodic termatds to a component
frequency found in the signal (this is well-illustrated in Fgure 2.9). We also have
the overall signal amplitude adjustment provided for the © coe cient. The result of
such a decomposition is typically encoded as a complex number each frequency.
This complex number (Equation 2.12) can be translated in cqumction with Euler's
formula (Equation 2.7) to provide the individual amplitudes of each sine and cosine
term at that frequency. We will follow [31] for a brief outlire of the derivation.

2

1= 2 (2.4)
f(t) = ag+ a;cos(lt ) + by sin(1t ) (2.5)
+ a,cos(2t ) + b sin(2lt )
+ 0
+ a, cosflt ) + b, sin(n!t)
= a+ X (a, cosf't ) + b, sin(n't )) (2.6)

n=1
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Figure 2.9: Fourier Synthesis in 1D: [30]

Each row introduces additional frequencies being added mthe cumulative signal.
We can see how any signal can be represented by the sum of congmb frequen-
cies. From left to right, columns present: a pure frequencyhe, cumulative signals
overlaid, cumulative signals summed, Fourier analysis obmponent frequencies. The
rst three columns show signal amplitudeu plotted over time t, with a base period
(and signal length) of 2 seconds. The last column shows the mapped amplitude
u over the component cosines of frequenciés We can observe that the rst pure
tone which has exactly one cycle (within in our measured sighlength) shows high
amplitude in its Fourier analysis at a frequency of 1. Likewse, the addition of other
pure tones which repean times show some amplitude in their Fourier analyses at a
frequency ofn.
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We can see speci ¢ cosine and sine amplitudes being summeddadion a single signal
in Equation 2.5, expressed succinctly in Equation 2.6. Theomplete signal function
f (1), is produced as a function over time or spatial samples, bymming all its pure
component tones. Each tone of frequenay is scaled by their respective amplitudes
a, and b, (for cosine and sine contributions), where the measure ofgular velocity

I (Equation 2.4) ensures the sine and cosine oscillations aneasured relative to the
observed signal length, or fundamental period.

e =cos(n!t )+ isin(nt ) (2.7)
b _ 4 . :
f(t) = ay + %(eln!t +e in't )+ E(eln!t e in't )
o1 2 2
— 1 ; inlt 1 ; inlt
= ay+ E(an ib,)e™ + é(an +iby)e ™
n=1
= ap+ (Anein!'[ + Bne in't ) (28)
n=1

1 .
A= E(an iby)

1 .
Bn = E(an + iby)

With the use of Euler's formula (Equation 2.7), we are able toede ne coe cient
terms into the complex plane, removing periodic functiongdm our de nition (Equa-
tion 2.8).

f(t)el MW" dt

f(t)e ™ dt

= A, (2.9)

Observing the symmetry in Equation 2.9), we see thdt(t) can be described through
a single series of complex term&,. To mark the inclusion ofay, and the broadened
range of the series, we express this new series of complemteasC,. We are now able
to adjust the range of our sum, and produce the elegantly sunct formula (Equation
2.10) which de nes the Fourier series in complex terms (Eqtian 2.12).
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b .
f(t)= C,e™ (2.10)
n; k . |
Ch= = f(t)e ™ dt (2.11)
T o
= J(au iby) (2.12)

The real part of the coe cient (a,) scales each term and may maintain its de -
nition as the amplitude of the particular frequency. The adiional imaginary com-
ponent of the coe cient (b,) can be used in conjunction with the real component to
recover the phase of the frequency, as declared through thenmplex phase angle.

Interpreting this in a visual application may be to considedecomposing the signal
into repeating gradients. This closely related interpretigon is referred to as discrete
cosine decomposition (DCT), although canonical DCT has paly real values, and so
discards any capture of frequency phase.

Adapting the Fourier transform to a 2D or higher-dimensionaspace can be found
by applying the DFT on each index of the rst dimension, and tha again along each
row of the results. This gives us the amplitude and phase of Wwoeach frequency
contributes to the total 2D signal. In applications with images, we often see most
of the high-energy coe cients appear around the central pasons and main axes of
the shifted FFT[32], as seen in Figure 2.10 and Figure 5.1. Whereettamplitude
of an audio signal may have an intuitive correspondence witound wave pressure,
amplitudes for a 2D image will be a measured in relation to thepixel intensity
(typically 0::255), or as is typically the case in colour images, the intdtysacross a
particular colour channel.

While the Fourier transform can scale to higher dimensionaignals, the use of
DFT for colour textures is still potentially problematic [33. In consideration of apply-
ing the FFT to colour channels in isolation, we should note thaspatial properties are
not necessarily clear from average intensity nor from inspigon of individual colour
channels. The related Quaternion Fourier transform [34] mht assist in this matter.

One expectation held by the Fourier transform is that the sapies it is operating
on are from a periodic signal. If we were to apply the Fourierdansform on a set of
samples whose main frequency was not a product of our samplesoften identi ed
from discontinuities between the rst and last sample valug we would be violating
this expectation. What might appear as artifacts (or, specal leakage) would be
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Figure 2.10: Power Spectra Pipeline

We begin by viewing the source image in sub gure (a), which wiergoes 2D Fourier
analysis, and power spectral estimation shown in sub gureb). As it provides for
more interpretable charting, and easier radial estimatignve \center" the coe cients
by shifting them to diagonally opposite quadrants as seen sub gure (c). We can
then reduce dimensionality and produce useful aggregateg lising radial averaging
measures (d) and subsequent regressions (e).
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Source texture 2D PSD, 2D PSD, Radially Averaged Linear Regression
(Brodatz #4) Normalized Shifted+Normalized PSD

all the unexpected frequencies needed to compensate for thgjoint produced while
repeating the signal. Various functions known as windowinfyinctions, or windows,
can taper or otherwise adjust the shape of the signal ends todwn values (often zero).
To assist in reducing some of the smaller discontinuities ithe signal, it is often
advised to rst lter it through an appropriate window funct ion before continuing
with further spectral analysis.

2.3.1 Power Spectral Density

The power spectral density (PSD) |or, power spectra |is a measure of the power
across the frequency domain of a signal. We can acquire anmstte of the PSDP; at
frequencyj , by multiplying the Fourier terms C; by their complex conjugateC; and
scaling by the number of samples to produce a periodogram [35]. Due to the simple,
real-valued coe cients of our image signal, we can simplifthis to normalizing and
squaring the real part of the DFT, as in Equation 2.13 below.

CC

P = anj (2.13)
. .2

= 16 (2.14)

n
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For a 2D signal, we will be interested in the radial average dlis measure, re-
quiring us to shift the quadrants of our estimate, and then i@rpreting the average
in a polar coordinate system. An overview of the steps in our ragurement pipeline
is shown in Figure 2.10. Between the DFT and the radial averaginmethods, the
power spectral estimate measure has the bene t of being apgimately equal across
rotation, and preserving shape across resolution. This nsae relates to the contrast
of luminance intensity, and we may also see a relation with mge complexity. A fur-
ther abstraction is to take a linear regression of the averad power spectral density.
While a display of the 2D power coe cients may more accuratelyepresent the true
power spectral density of a 2D signal, we nd in some of the &tature (.e. [12][13])
that \power spectral density" and related terms often referto the radial average or
similar abstractions.

Figure 2.11 assists in interpreting the various represenians of an image with a
single component frequency. Shifting from the rst to secahcolumn of the gure,
we can see that lower frequency (those which have larger et / cycles over greater
areas of the image) are contained at the center of the shiftétFT power coe cient
display. Our rst column shows a wave whose period is half ohé canvas (input
signal), and so the charted radially-averaged power speatshows high power at a
frequency of 2. As we move to the outer edge of the power coe aiedisplay, we
nd the powers of increasing frequency ranges being disp&, The fth column
faintly shows a suitable example of minor aliasing artifasthaving both lower power
and higher frequency as we move from the key frequencies tosvéhe image edges.
We can also observe that the orientation of the wave-like piarn in the top image
corresponds to the angle (from center) of the coe cient regnsible for the e ect,
while still maintaining a distance (from center) correspading to the actual frequency.
Observing the subsequently charted radially-averaged pewspectra plots, we can
see that all have a high power at frequency 4. Finally, we caneséhe multiplicative
combination of the two component frequencies in the last aohn, as a grid begins
to form with both horizontal and vertical frequency, again e ected in the power
coe cient display. The nal row of the gure displays the radially-averaged power
spectra in a log-log scale, to assist in showing the much largd" coe cient, and
the more subtle changes in the lower-powered high frequessi However, in simple
images, there may not always be power at every frequency. Agbiematic consequence
of this is that these frequencies cannot be charted in a logg scale, and may a ect
the results of any regression, as is visible in the gure. Werengly recommend those
with continued interest refer to [36].
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Figure 2.11: Power Spectra Interpretation & Reconstruction
Columns from top to bottom: source image, shifted and normakd constituent FFT

power coe cients, radially averaged power spectra, and raally averaged power spec-
tra plotted in a log-log scale [0g,) with linear regression
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2.3.2 Compare & Contrast: Wavelets

Another common tool for signal analysis with many similaries to Fourier decompo-
sition is wavelets [29]. While we do not particularly exploréurther use of wavelets, a
number of pieces of background literature | some of which wes highly inspirational
for our work | have considered wavelets as an alternative meas of producing spa-
tial analysis. The process of wavelet analysis e ectivelyeduces an input signal into
component waves of various known duration { the eponymous ‘avelets".

Both the discrete Fourier transform (DFT) and discrete wavedt transforms (DWT)
deconstruct a signal into sums of basis functions. In the aasf Fourier, we have seen
sine and cosine functions used, though we are likely to seersmoomplex scale-varying
basis functions (.e. Harr, Meyer, Daubechies) used by wavelets. E cient implemen
tations can be found for Fourier and wavelet transforms witllgorithmic complexities
of O(n log(n)) and O(n) respectively. Both analyses aim to provide an overview of
a signal's component frequencies, but where Fourier analyprovides a more precise
evaluation of the entire signal, wavelet analysis iterately evaluates scaled subsections
of the signal along set break points. This appears to be quiselited to capturing edge
information and speci c features.

Wavelets are often praised for their ability to be localizeth both space and time
[37]. While DFT can be robust to the scale of its input image, itg less resilient
to changes which adjust individual pixels/frequencies. My coe cients would need
to be adjusted to accommodate a minor change to the source ig& and vice-versa.
Conversely, wavelet analysis performs decompositionsratively at decreasing scale
and xed lengths. Changes to a position in an image would regae adjustment to
only spatially local coe cients (albeit at multiple resolutions). While some precision
is lost in the frequency spectrum, the addition of having anpproximate time-point
more directly associable to the frequency coe cient is ofte seen as quite useful.

Wavelet analysis has found large support for applicationsntred about retrieval
and classi cation, though we nd that Fourier analysis is a nore frequented measure in
studies with visual similarity and perception. One possikl reasoning for this may be
found behind the works inspatial frequency theorywhich suggest that human vision
is decoded in a manner similar to Fourier analysis, measugrcontrast frequencies
along our eld of view [38][39]. A number of articles have badound which consider
the use of Fourier decomposition in their models of percepti and relation to certain
environments [40, 41, 42].

With respect to digital evolutionary art, wavelet analysis @pears to be more fre-
guented than Fourier analysis. The Genshade[43] and Genpyd44] systems make
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use of extracted wavelet coe cients to provide some spatiguidance in an unsuper-
vised tness approach. This technique was rst outlined andborrowed from Jacobst
al. [45], and we will consider adaptations of this approach ugrFourier coe cients.
The curious lack of Fourier analysis in unsupervised evolahary art and the success
shown by the Jacobset al. measure in the previous systems are strong motivations
for the strategies we will be exploring.



Chapter 3

Literature Review

3.1 Evolutionary Textures

The use of evolutionary algorithms for texture synthesis lthbeen pioneered by Sims
[7], and has since been the topic of much previous and ongostgdies, adopting both
interactive and unsupervised approaches [46][43][28][47

In the founding work by Karl Sims[7], a system was presentedmweh, through the
guidance of a user, could gradually manipulate sets of grapal shaders to produce
textures and animations of images tting a desired aestheati While user interaction
was required to provide the necessary aesthetic judgemefis evolutionary selection,
this evolution-guided approach to image re nement was a 1tsin providing a compu-
tational exploration of artistic images. The system by Sims/ould come to constitute
the rst of many such evolutionary art systems.

An early attempt in the transition to unsupervised approache came from Baluja
et al.[46]. Simple topologies of arti cial neural networks were sed in an attempt
to learn a user's aesthetic preferences by training againsser ratings and groups of
raw pixel values. This approach saw some shortcomings, buighlighted the need
for abstracted image measures to be used as guides. The idétearning aesthetic
preferences through neural networks has also since beenigig®d with the inclusion
of multiple abstracted image measures with some reportedcaess [48].

A critical successor to Sims' work was the Genshade systemlbyahim[43]. While
the synthesis capabilities of Genshade focused on the rement of Renderman system
shaders, advances were made to see results while evolvinguees in an unsupervised
manner. Various forms of image analysis were compared beénehe evolved images
and a provided target image. These measures were used in kdwser input to guide
the evolution of textures toward those showing similar tras of the targeted image.

26
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The Gentropy system by Wiens and Ross[44] expands upon the upsrvised ap-
proach of Genshade by providing additional image analysiseasures. With concerns
that the Genshade representation may present further biatthe evolved images,
the system returns to a genetic programming approach usingsample language set.
While we will shortly explore a nhumber of variations seen in naern evolutionary
art systems, we see that similar unsupervised, GP-based apaches have remained
popular.

With the widened abilities of modern texture synthesis apprches, a number of
applications have seen successful adaptations. While it isthe interest of this thesis
to produce textures and lters for their own merit, we have ao seen practical systems
being developed in the areas of camou age [4], and game agSétgeneration.

Alongside and expanding upon the evolution of textures, we Y& seen interest
in creative and evolutionary systems across the domains otigic[49], modelling[50],
and architecture[51], amongst others[52].

3.2 Power Spectral Density

An initial investigation shows that a sizeable amount of resech has been done related
to the use of power spectra as a tool for classi cation and irga retrieval. Despite
this, we see little has been done related to the use of powerespa as a target for
texture synthesis, or NPR lIter evolution. It is precisely beause of this that we will
explore potential strategies to adapt this tool for use in elutionary art.

3.2.1 Context: Vision

One key argument for the use of power spectral density to g@gerceptual properties
comes from spatial frequency theory. The theory purports &t a human or animal vi-
sual cortex operates through coding signals in relation tgatial frequencies observed
(in contrast to edge and line detection). Support for this acmes from stronger neural
response to sine wave gratings (of arbitrary frequency) thao imagery of images or
bars. Numerous studies have and continue to explore this cemt [38, 39, 40, 53, 54].
A notable article with high potential for practical use come from identifying un-
comfortable images through contrast and frequency analgsiBased on work observ-
ing the sensitivity ranges of luminance contrast, Fernandeand Wilkins had explored
the undesirable e ect of certain image contrast frequen@ean human perception [41].
Power spectra of an image's luminance was investigated, acettain frequency octaves
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were found to provide higher ratings of perceptual discontto(within 2 octaves of 3
cycles/degree). Future studies could nd inspiration in adpting this phenomenon to
an explicit aesthetic measure, and analysis on some of ouogduced images appears
to corroborate these ndings.

3.2.2 Context: Classi cation & Retrieval

It was found by Neumann and Gegenfurtner that power spectran iaddition to other
abstract information measures (including colour distribtion and luminance) did per-
mit for a marginal increase in retrieval performance [10]. Wk by Graham et al.[12]
also explores and surveys a number of methods making use ovpospectra slope for
art classi cation.

Some works by Balboa[42] and Millane[55] were found whichreslate classes of
natural images to the slope of their power spectra. While we p&ct that the slope
of the power spectra alone is insu cient to generate naturailmages, there is a strong
suggestion that power spectra may be used to perceptually elientiate attributes of
complex textures.

A number of articles by Graham reinforce the idea that powerpgctra can be
used to assist in classi cation of art pieces [56][12]. Graim had concluded that most
pieces of art fall in the same spectral range of natural imagieWhile power spectra
measures alone are not su cient to limit the potential art pieces to those that are
more aesthetically pleasing, they were able to distinguistith some accuracy between
art piece origin [11], and certain classes of imagase( human portraits, landscapes,
sketches) [13]. Readers interested in a larger survey of hosing power spectral
density may relate to perception should be directed to refences section of [13].

3.3 Spatial Measures

The need for measures permitting comparison of spatial pregies tends to get re-
solved through one of two main concepts. We see that frequntaken approaches
either extract key features (and their positions) from a sage or target image, or
perform some type of frequency analysis.

Many early attempts to capture spatial aspects for image dabase systems relied
on basic algebraic and statistical measurements acrossensity. The QBIC Project
(which explored image querying through use of colour, texte, and shape measures)
proposed spatial measures derived from capturing intengiareas, circularity, eccen-
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tricity, axis orientation, and algebraic central moment ifiormation [57].

In some of the earlier unsupervised evolutionary art systesnparticularly Genshade[43]
and Gentropy[44], spatial features were compared via extt@d coe cients from
wavelet-based analysis measures. The results from Wiens][aday be one of the
more positive suggestions for using a power spectra tnesppoach.

Shortly prior to the Genshade system by Ibrahim, a notable geer pertaining to
image retrieval was published by Jacolet al.[45]. In this paper, a quick algorithm was
proposed capable of extracting the key coe cients from a walet analysis. Extracted
coe cients are limited to the K greatest absolute values, before being quantized and
compared for mismatch. While the algorithm may have been inteled for a retrieval
system, the comparative abilities of the measure may alsogwe e ective in guiding
evolutionary systems.

However, this jump to a wavelet-based analysis, while ultim@ly showing some
e ectiveness, may glance over alternative o erings. One oeidered problem with
a frequency analysis approach is in the inability to e ectigly handle images with
multiple colour channels [33]. One potential solution to tis was proposed through
the use of the quaternion Fourier transform [34], which doe®t have an immediately
adaptable equivalence with wavelet analysis.

A criticism common to all types of frequency analysis lies ithe fact that a perfect
solution would exactly replicate the target image [58]. Inwwlutionary art, we are
often not trying to get a precisely identical image to our taget. If our system fails
to capture the precise image, this is actually preferred; wenly want to capture
key aspects of the image, and explore the landscape of poles#olutions which are
in some way similar. While we could adjust our tness evalu&ins to prefer some
amount of error, we nd that there is often still su cient challenge presented to our
system outside of toy problems, permitting for novel solutns to emerge while we
pursue higher numerical accuracy.



Chapter 4
System Design

There are two key developed components which form the core air experimental
system. The rst component is a library which can process amiage to provide
the PSD, regression, and other FFT related measures. The sedprand largest,
component is the evolutionary system which uses genetic gramming to evolve and
synthesize procedural textures.

4.1 Power Spectral Density Measures

For all the various experiments conceived for this study, aumber of PSD-related
measures would need to be e ciently calculated. Across thevels of abstraction, we
would need to compute and obtain the 2D power coe cient matges, the radially-
averaged power spectral density, and its linear regressson

An early decision in the development of the system was to makesaiof MATLAB[59]
to assist with computation of power spectral density meases. Tooling within MAT-
LAB allows us to generate native C code, which could then be uba the Java-based
evolutionary system (described below, Section 4.2) throhguse of the Java Native
Interface (or commonly, JNI) framework. This permitted for anexpedient start to our
exploration, and then allowed for a focus on the re nement | rather than develop-
ment | of these measures. A trade-o to this integration approach was the limitation
of a single evaluation thread, as the produced native codeutd not be e ectively and
safely run in a multi-threaded manner. The increase of watlock time for a single
run was exchanged for multiple concurrent runs, and was notsubstantial concern
during our experimentation, though improvements could be ade for future work.

To evaluate and produce the 2D power spectra (and phase) cogents, and then
nd the radially-averaged power measure, we use the code tnéd in Table 4.1 and
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Table 4.1: MATLAB Code for 2D FFT Power and Phase

1 function [power,phase] = FFT2DPowerPhase(img)
2 [N,M] = size(img);
3 imgf = fftshift(fft2(img));
4
5 %power = (imgf.*conj(imgf))/(N*M * N*M);
6 power = (abs(imgf)/(N*M)).~2; % normalize
7 phase = angle(imgf); % find angle in complex plane
8 end
Table 4.2: MATLAB Code for 2D Radial Average
1 function [ravg] = RadialAverage(ftArr)
2 [N,M] = size(ftArr);
3 assert(N == M);
4
5 L = floor(N/2)+1,;
6 ravg = zeros(1,L);
7 rpts = zeros(1,L);
8
9 fory = 1:M
10 for x = 1:N
11 % consider polar coordinates, average across same rho
12 [~,r] = cart2pol( x-(N/2)-1, y-(M/2)-1 );
13 r = round(r)+1,;
14 if (r > L); continue; end;
15 ravg(r) = ravg(r) + ftArr(x,y);
16 rpts(r) = rpts(r) + 1,
17 end
18 end
19 for | = 1.L
20 if (rpts == 0); continue; end;
21 ravg(l) = ravg(l) ./ rpts(l);
22 end

23 end
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Table 4.2 respectively. A discussion on the computation oD2Fourier decomposition
and power is covered in Section 2.3. Section 2.3.1 also byialiscusses the radial
average of this measure, though the core concept of its impientation is to bin and
average the power coe cients based on their computed distae from centre (through
the use of a polar coordinate system, see Table 4.2, Line 12).

For the experiments using regression measures of the ralji@veraged power spec-
tral density, the regression was obtained rst by convertig the power measures to
a log-log scaling, to better match the conventional practes seen in the background
literature. Charting of PSD throughout this report will use log;o scaling to remain
consistent with other charted scales, though evaluationssad for the various applica-
ble experiments have used Bbbg. scaling. For a linear regression, the slope measures
should remain identical across log bases, though the o seillxexpectedly vary. Re-
gressions were found by using MATLAB'golyfit  function, which itself performs
a least-squares error t. While uncommon for natural imagessome abstract im-
ages produced by our system were found to have no power at egmtfrequencies.
To lessen the biased e ects of these values from the regressiany in nite or invalid
power measures were removed from the set of points considedering the regression.

A decision made in the early stages of research was to forgy avindowing func-
tions prior to sending the image data through the DFT and PSD mnesure pipelines.
The use of a windowing function has been advised for non-régusignals, such as
typical non-repeating images, to reduce heavy artefacts the decomposition, with
the speci ¢ window functions and parameters dependent on ¢hexpected signal. The
absence of any discussion related to windowing in most of kgcound research seems
like a potential oversight, but the rst step for our measure was to closely reproduce
the published values. This lack of windowing trades the capte of information at the
image boundaries for a more complex set of coe cients in theedomposition. Insofar
as both target and candidate images use the same windowing (ack thereof), com-
paring the measures should still hold, though GP may nd the ratch less tractable.

While much of the existing published research has sparse détan the minutiae
of their computation and regression of PSD measures, we hd&eeind our library to
produce results closely matching the literature outlinechi Section 3.2, and speci cally
those from Grahamet al. [13].
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4.2 Genetic Programming Engine

The evolutionary art system we will use to generate textures a custom extension
of the ECJ library for Java [60].

As we have showed our motivation for using evolutionary algithms (and speci -
cally GP) in section 2.1.1, our evolutionary system will enlpy a genetic programming
tree representation to evolve symbolic expressions for pedural textures. Much of
our early experimentation focuses on spatial attributes an image, and so we nd
that in our initial exploration, grayscale textures are notonly adequate, but are in-
deed preferable over the artistic colour texture renderirsg To suitably represent this,
our GP individuals need only a single tree used to evaluaterhinosity or intensity.
Later experimentation will expand to colour textures, and athat time, we will ex-
pand our individuals to hold 3 trees; one tree will be used fa@ach colour channel in
the RGB colour-space.

Initially, a population size of 500 was used as per [61], buindinishing genetic
diversity was found by mid-run. Doubling the population sie, in addition to the in-
clusion of diversity-penalties with the sum-of-ranks tnes scheme, was seen to assist
in maintaining genetic diversity. Generation count was defrmined empirically from
early runs, based on [44], with further adjustment from the ansiderations noted be-
low. It was seen that 30 runs would provide a su cient basis fostatistical signi cance
on comparisons across similar tness measures, while batarg the wall-clock time
required to complete the computations. Later experimentsadve seen a decrease in
run count due to the higher computational complexity and tine required to complete,
such as seen with the introduction of noise operators and neased colour channels.
At this point, often 9 runs were completed to show result diwsity with less concern
to statistical evaluations.

The wall-clock run times for the system con gured for basic rgyscale textures
was found to be approximately 45 minutes per run, when exe@ad using a single
thread of an AMD FX-8350 processor. In this con guration, multple runs were being
evaluated concurrently, though the parallel nature of theystem could see substantial
reductions in single-run execution time if recon gured to se multiple threads. The
introduction of noise operators and RGB colour channels daincreased runtime by
factors of approximately 6 and 3, respectively, with coloed noisy textures requiring
an approximate average of 12 hours for completion of a run.

While our GP genotype representation will remain as tree(sjye must make some
considerations for their evaluations into images. While thhe has been some ongo-
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ing exploration into typed GP systems, this research will fonow constrain itself to
operands and operators dependent on double oating point @cision @ouble) values.
Each tree should evaluate to a singldouble-type value, which could be clamped to
[0; 1] before being scaled according to colour channel;@85] for grayscale and RGB).
To defer worries regarding cropping or padding, a renderingze of 128 by 128 pix-
els was used before sending the image through other evaloatimeasures, as square
power-of-two images were e cient for Fourier decompositio Larger images were
frequently produced for external purposes, so a normalizéskture coordinate system
of [-1,1] was used across both rendering dimensions. Whiléet coordinate systems
could be used, it was considered that a 2D space with equal d¢gins about the ori-
gin coordinate might better display the e ects of phase on gentially symmetrical
textures.

Working with GP and tree representations, we consider thremain types of repro-
ductive operations. Mutation and crossover operators argaples of GP, and so we
have included them as possible operators with 20% and 70% Ipability respectively,
keeping them in similar proportion to work by Heijer & Eiben [Z], though slightly
higher than others [44]. The introduction of ephemeral vaki mutation allows for
the randomized constants to be slightly altered by 1%, allang for ner, hopefully
less destructive, adjustments to the rendered image. The ERmutation operator has
been included at a probability of 10%, and is responsible farproportional decrease in
likelihood to execute the crossover operator. So as to reneathe possibility of losing
or destroying the best found individual in a generation, wedve allowed elitism for
the single best individual of a generation to be retained uftared in the subsequent
generation. A table of other parameters, including reprodiive operator settings, is
provided in Table 4.3.

For consistency, all experimentation was performed using reormalized sum-of-
ranks tness scheme. Work in [61] has shown summed multi-aztive ranks as a
tness measure can perform well in balancing targeted propes of evolutionary art
without the dominance of individual objectives. When used ia single-objective prob-
lem, such as our early experiments, a sum-of-ranks tness o will still preserve
ranking information across that one objective, which wouldot provide biased in u-
ence during tournament selection. A bene t to using sum-afanks on these problems
is that we can maintain a consistent diversity penalty scheenacross all experiments.
For individuals whose ranks in all objectives are identicathe second individual will
have a penalty of 10 added to each of their ranks. Additional dividuals found with
the same scores as the rst will incrementally receive an adidnal penalty of 10 rank
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Table 4.3: Genetic Programming Engine Parameters Overview

Parameter Value
General
Runs 30
Generations 100
Population Size 1000
Elitism 1
Sum-of-Ranks Fitness
Diversity Penalty, Initial 10
Diversity Penalty, Increment 10

Generation O
Builder

Ramped Half & Half

New Node Depth [26]

Grow Probability 50%
Parent Selection

Selection Method Tournament

Tournament Size 3
Node Selection

Terminals 10%

Non-Terminals 10%
Reproductive Operators

Crossover 70%

Mutation 20%

ERC Mutation 10%
Settings: Crossover

Max Depth 17

Attempts 1
Settings: Mutation

Max Depth 17

Attempts 1

Builder Grow

New Node Depth

[35]
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points (the fourth common individual would receive a total ©+30, and so on). The
hope of such a penalty would be to maintain genetic diversityn the population by
penalizing perfectly identical results. While the high prasion of some of the tness
measures explored might lessen the opportunities for thegenalties to be e ective,
we expect that the penalties should assist in reducing the ects of GP bloating.

The termination criteria for a run is to complete 100 generans. While \perfect”
individuals have been produced for some simple compositabrtargets, this is oth-
erwise a di cult problem, where nding such a \perfect" solution is not reasonably
expected. Further, with later multi-objective experimens, an evaluation of raw scores
instead of objective ranks is required to continue with thigermination criteria. In
some experiments, more aesthetically pleasing results eéound prior to convergence.
This suggests that an extended generation cap or terminatidoy some convergence
criteria would not always be bene cial. While some exploratin was performed with
longer generation caps, it was found early on that most objiaes suitably converged
by about the 100th generation.

4.2.1 Texture Languages

We begin with a basic, largely mathematical and symbolic téxre language. Noise
and more complex functions will be considered later afters@ experimentation, but it
was not believed in the initial exploration that more \creatve" functions be required
to reach a solution. It was of interest to see how well our tng&s measures could
guide spatial attributes without the more stochastic (and omputationally expensive)
noise functions. We will later recon rm the importance of laguage choices when we
see substantial performance increases to certain targetsttwthe addition of polar
coordinate system variables. An overview of the GP languagertninals and non-
terminals can be found in Table 4.4, and the various extensis to the language can
be seen in Table 4.5.

As part of the extended language, a number of noise operatore éncluded. There
have been various schemes to handle noise and their respecteeds across di erent
published GP systems. In our system, noise operators aredted as an extension of
ephemeral random constants; noise seeds are generated aPan@de level, and can be
mutated or adjusted the same as any ephemeral constant (inding through the ERC
mutation operator). This approach o ers less destructiveltanges in reproduction over
seeding noise at the individual level, and increased geraatiiversity when compared to
employing run-level seeds. The approach we have taken mag §&ne ts from higher
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Table 4.4: Genetic Programming Engine Base Language Oveawi

Category Arity Display Description
Variables 0 X Horizontal rendering coordinate
Y Vertical rendering coordinate
Ephemerals 0 E[1] Ephemeral in range [D1]
E[10] Ephemeral in range [010]
E[100] Ephemeral in range [0100]
Math 1 - Negation / sign change
abs Absolute value / magnitude
floor Floor; lesser or equal whole integer
cell Ceiling; greater or equal whole integer
sin Periodic, trigonometric sine
cos Periodic, trigopnometric cosine
tan Periodic, trigonometric tangent
sqrt Square root
exp e (Euler's number) raised to the operand
pow?2 The operand raised to the power 2
pow3 The operand raised to the power 3
log _E Natural log
log 10 Log, base 10
2 + Addition
- Subtraction
* Multiplication
/ Safe division; a zero divisor returns zero
max The greater of two operands
min The lesser of two operands
avg The mean of two operands
pow arg[0] raised toarg[1]
3 lerp Linear interpolation betweenarg[0] andarg[1] based on
normalized (clamped to [Q1]) arg[2]
Conditionals 4  IfGT If arg[0] > arg[1] then arg[2], elsearg[3]
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Table 4.5: Genetic Programming Engine Extended Language @wview

Category Arity Display Description
Variables 0 Rho Polar coordinate; distance front 0; Og
Phi Polar coordinate; angle abouf 0;0g to X axis
Spatial 1 Circle Gives 10 whereRho <= arg[0], otherwise @0
3 Shift Evaluatesarg[0] as if the rendering position was shifted
by arg[1] horizontally, and arg[2] vertically
Tile Evaluatesarg[0] as if the rendering position was scaled

and o set to tile horizontally for arg[1] windows, and
vertically for arg[2] windows
Noise 0  SimplexY Simplex noise generator
MarbleY Marble noise (see [1])
1 FractalSumY FractalSum/Smooth noise
Turbulence¥ Turbulence noise

Y All noise functions include a variant symmetric about the X ad Y axis. These variants
would have aSympre X, and function otherwise identical to the base functio.

mutation, but should also be able to preserve their charadatstics in a crossover
recombination.

Optimized Perlin and simplex noise generators have been bamwed from [62] and
[63] respectively. While two base noise generators are ambike, it was considered
unnecessary to include both, so only the simplex noise geaer was included due
to its more ideal window range. The fractalsum, turbulenceand marble noises have
been based on the Perlin noise implementation as originalgonceived. For these
noise variants, coordinate scaling has been applied to ensunoise is applied across
the [ 1;1] rendering window.



Chapter 5
Initial Exploration

Our exploration begins with the nasve approach of trying toreduce error with the
basic FFT measures. Before moving on to more involved strategi we evaluate the
e ectiveness of the abstract measures, and gradually mowve the higher-dimensional
FFT coe cients. Having found these lacking, we adapt an existig approach found
to extract and compare a subset of key coe cients, and adjushow errors related
to phase are incorporated. With some promising tness meass explored, we will
further re ne these measures for use in recreating compasial attributes.

One can follow Table 5.1 for an overview of the discussed nbla experiments,
which relates the experiments to their discussion sectioand provides a brief descrip-
tion. The basic GP system and parameters being used througliadhe experiments
(unless otherwise noted) is presented in Section 4.2.
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Table 5.1: Overview of Experimental Variations

Number Of Objectives

Section Label| Description Power Phase Colour Total
5.2.1 El PSD regression slope target 1 | | 1
5.2.1 E2 PSD regression slope & o set targets 2 | | 2
5.2.2 E3 PSD radial average curve tting target, sum of squared error 1 | | 1
5.2.3 E4 PSD coe cient array target, sum of squared error 1 | | 1
5.3.1 J1 Signi cant coe cient extraction mismatch as per Jacobset al. [44][45] 1 | | 1
5.3.1 J2 From J1, signi cant coe cients ranked, sum of rank mismatch 1 | | 1
5.3.2 J3 Coe cients extracted as per J1, up to half mark loss for phase 1 y | 1
5.3.3 K1 Power coe cient error and phase angle error normalized asmgjle objective 1 y | 1
5.3.3 K2 Power coe cient error and phase angle error as multiple obgtives 1 1 | 2
5.3.3 K3 As 01, with the \Oth coe cient" as its own objective 2 1 | 3
6.3 P1 As J3, with squared phase error as a separate objective. Phas@escaled 1 1 | 2
to truncated rank, and non-matched positions take full Pi (saled)
8.2.2 C1 P1 across 3 colour channels (RGB) 1 1 x3% 6
8.2.2 Cc2 P1 across 4 colour channels (Y,RGB) 1 1 x4 8
8.2.2 C3 P1 across 3 colour channels (HSL) 1 1 x37? 6
8.2.3 Cc4 P1, and also CHISTQ | histogram di erence weighted by colour smilarity 1 1 1 3

Y No separate objective for phase, but included as penalty to power obj¢ive.
Z Colour objectives are extracted as power and phase measures for each wmdual channel in the given colour scheme.
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5.1 Genre Images

In creating a pool of possible image targets to choose frorhgtnotion of separation by
genre was borrowed from Graharet al.[13]. In attempting to de ne visually distinct
genres, the following classi cations, while still very brad, were considered:

portrait photos abstract paintings ?

object photos? texture patterns (regular & irregular) ?
landscape photos geometric patterns

abstract photos ag elements

portrait paintings ? cartoon elements

object paintings design elements

landscape paintings compositional elements (simple, abstract}

Genres sampled for targets used in our experiments have bewarked with a ?.

With the nite computing resources available, the initial séection of targets was
limited to 4 visually distinct images across the genres. Orabstract painting, one
portrait painting, one texture pattern, and one object phob were chosen to balance
the broad visual genres used with a reasonably workable nuerbof images. With
initial experimentation, targets were not chosen with corern to the di culty a system
would have in replicating similar visual features. Ratherfraits desirable in target
selection were the distinctness of an image amongst the otlselected targets, the
variety with regard to possible image genre, and di erent m&o- and micro-level
styling. Targets used for exploring compositional propes and integration with
colour measures are explored later in Sections 6.1 and 8.&&pectively.

Initial targets are shown in Figure 5.1, and Figure A.1 in the appndix shows the
target images with various Fourier analyses, and coe cienlimited reconstructions.
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Figure 5.1: Initial target set. Featured top to bottom:

- Piet Mondrian { Composition with Yellow, Red, and Blug

- Van Gogh { Selbstportrat,

- Procsilas Moscas {Cable Ends - San Francisco Bay Bridg§s4],

- Vincent Gircys { an untitled photograph of a ower.

Target images are shown alongside their grayscale rendit&g their power spectra
coe cients, and radially-averaged power spectra charted #h linear regression.
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5.2 Simple Regression & Error

Our rstfour sets of experiments consider the error betweeRFT decompositions from
evolved individuals and a target at various levels of abstcéion. Beginning with the
most abstract, and most prevalent in our literature reviewé.g. [10][11][12][13][42][55]),
we consider a tness scheme which compares the di erence tpe found through
a linear regression. A simple expansion from there is to alsworporate the associ-
ated vertical o set measure produced from the regression.r&lually returning from
abstractions to the raw measure, we consider tness meassréom squared error
between radially averaged spectra, to squared error of FFT coent amplitudes.

To evaluate the targets and evolved candidate images, we cabtain measures at
various levels of abstraction from our PSD library. The pragssing pipeline outlined
by Figure 2.10 guides the measures we will use by virtue of bgireadily extracted
for comparisons. Most of these initial tness measures willse a single evolutionary
objective when comparing between the target and each evalveandidate. Experi-
ments in this section will make use of our standard, descritbeevolutionary texture
system with the basic GP language set.

5.2.1 Linear Regression

With the e ectiveness shown for assisting with classi catin and retrieval, a tness
measure which uses the slope of a linearly regressed, ragitalleraged power spectra
was a promising candidate for an initial exploration. Ins@ir that the previous litera-
ture showed an improved ability to distinguish genre by inaporating this measure,
it was hoped that some spatial property capable of distingsining these genres might
emerge in our evolutionary synthesis. Being our initial fay into the exploration,
it was not known what amount of delity could be expected in ou reproduction of
the target, but it was hoped that resultant images would shova clear di erentiation
between those evolved with di erent target measures.

Some substantial concerns arose early into the process ohsteucting the lin-
ear regression module for our GP system. While much of the aarlexplored work
focussed on evaluating natural images or comparatively cpiex art pieces, little in-
vestigation had been done into simple synthesized texturel the process of charting
the linearly averaged power spectra, and producing its reggsion, a transform into
the log-log scale is required. While we may often expect syste capable of handling
more complex individuals to also be able to handle the compdinreely trivial, we
run into problems when images with precisely zero power at afrequency produce
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Figure 5.2: Regressed slope example images.

Target slopes were speci ed at regular integer intervalsdm 1.0 to 8:0. In evalu-
ations for a target slope of 8.0, no candidate was able to exceeded a slope of:6,
and so target slopes exceeding8:0 were found to be e ectively equivalent.

(a) Slope: -1.0 (b) Slope: -5.0

(d) Slope: -6.0
(f) Slope: -7.0

4.0

(9) Slope: (h) Slope: -8.0

in nite |or otherwise invalid| log-log scaled coe cients. In an attempt to allevi-
ate these issues, frequencies showing precisely zero pdvese been removed from
charting and regression, however this provides its own set@ncerns. Frequencies in
the spectra with zero power may incorrectly display power liaes averaging between
their preceding and following frequencies when plotted. R®val of low-frequency
coe cients may bias regression to more closely t the highefrequency coe cients,
and vice-versa.

An even more fundamental issue with synthesizing images ugithis measure,
beyond just retrieval, is that the single error value is too lastract. Prior to the
selection of our four main, complex target images, we expdal this initial measure
using speci ed target slopes to evolve the images shown in kig 5.2. The potential
candidate images which could provide an equivalent scor@ag this measure were too
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Table 5.2: Experiment E1 Summary Table (Slope Error)

Summaries for the remainder of the chapter are produced ov@® runs. For each
target, a row is included for the mean and standard deviatiofor each tness objective
aggregate. In the current gure, there is a single objectivéor slope error (distance
between candidate and target) which is calculated both to d the mean slope error
of a population at termination, and the best found slope erroin a population at

termination. The row for \mean" therein shows the mean of teninal population

means, and the mean of terminal population bests across 3(hsu

| Slope Error
Target Agg. Mean Best
Mondirian Mean 0.13 0.00
i StdDev  0.04 0.00
s Mean 0.09 0.00
. VanGodh  giipev 0,03 0.00
e Mean 0.05 0.00
| CAPRENdS giipev 003 0.00
Flower Mean 0.20 0.00
. StdDev  0.06 0.00

numerous. Having a tness criteria which was too easily sated, and with language
biases prevalent in our choice of simple mathematical opéves, our GP system had
a fondness of converging to simple texture results (albeitoin often messy program
trees).

Regressed Slope

Details pertaining to the calculation of the linear regressn can be found in Section
4.1, and an overview of how we pipeline the measures' abstrans is shown in Section
2.3.1.

Despite extolling the bene ts that have been seen in applitans making use of
the regressed slope measure, the key information being aaetd is simply a rough
proportion of power between higher and lower spatial freqoeies in an image. This
has clearly been shown to be a notable piece of informatiorr fassi cation, but it
may be too crude for the purposes of synthesis. Where the prews research largely
focuses on classi cation or retrieval within similar imagesets, or using the regressed
slope in addition to other measures, synthesis remains a fieage due to the breadth
of the search space. There is an exorbitant amount of possbimages that can
satisfy a narrow tness measure, many of which will likely b@&ovel, though possibly
undesirable by the user.



Figure 5.3: Experiment E1 Summary Charts & Examples (Slope Eor)

Each row of the gure captures the summary for a target over 3funs. Leading with the target image, the next two columns
show performance plots of the tness measure across genamas (typically 100). The leftmost plot displays the perfomance

through the population average, where the rightmost plot shws the performance of the best individual of the generatio\side

the plots are the best candidate images produced at termiriah for each run.
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When we nonetheless examine the e ectiveness of the tnesfisme on the four
main target images (shown in Figure 5.3), we see results whiappear very similar
to the previously fabricated target measures. For the afongentioned reasons, this
was not unexpected. Rather, we see the anticipated quick ea@mgence to a near-
perfect scoring individual within the rst few generations Despite the complex target
provided, our measure is too abstract; GP provides us with adh-scoring individual
with extremely simple and geometric properties. From Tabl&.2, we can see that
the best results that were produced for each of the targets thadeal numeric scores,
and were consistently produced to this quality across runsWhile certain targets
may slightly favour particular geometric patterns or traits, the resultant images did
not appear to be generally di erentiable between targets. nl conjunction with the
similarities found between images produced with arti cidy constructed slope targets,
the slope measure alone is found to be insu cient in capturig any su cient amount
of spatial details.

Regressed Slope & O set

The next step on providing further constraint to the evolutonary process would be
to also include the second coe cient in the linear regressip the line vertical o set.
The possible combinations of slope and o set values prohihis from constructing
and evaluating them at even conservative interval valuesnd so we see the renewed
need for our previous selection of experimental target imas.

We had added the linear regression o set measure as a separaibjective, as
normalizing either measure was not practical, and a normakd sum-of-ranks tness
scheme was used for reasons outlined in Section 4.2. To ¢larive outline each
objective separately in Equations 5.1 and 5.2, where slopadao set are provided
from the least-squares regression.

Error sigpe = jSIOPQarget slop&andidate J (5.1)

Error orfset = jOffSetager  OffSet candidate J (5.2)

In performing least-squares linear regression, we haverséiee slope roughly de-
scribe a proportion of low and high frequencies in the imagdhe o set, in images
with equal slope, should then estimate the comparative amouof total power in the
image. However, with a log-log scaling, we see a higher densit data points lay in
the higher-frequency end of our power spectra. We expect tithe o set might re ect
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Table 5.3: Experiment E2 Summary Table (Slope + O set)

| Slope | Oset
Target Agg. Mean Best Mean Best
Mondrian Mean 0.02 0.00 0.15 0.00
i StdDev  0.03 0.00 0.08 0.00
e Van Gogh Mean 0.11 0.00 0.04 0.00
StdDev 0.04 0.00 0.09 0.00
. Mean 0.08 0.00 0.06 0.00
| CableEnds giuney 004 000 011 0.00
\ Flower Mean 0.20 0.00 0.22 0.00
StdDev 0.06 0.00 0.11 0.00

an amount of power found in the higher spatial frequencies tfe image. With the

power spectra estimate treating positive and negative amfplde values equivalently,
there could be widely varying ways for power at high frequeigs to adjust, especially
when less consideration is held for the lower frequencies.

With the introduction of the o set measure as a tness objectve, we can now
provide enough guidance to the evolutionary system to proda more distinct sets of
images. When we examine the results of the four target imagesHigure 5.4, we can
now begin to see some consistent traits, primarily in regasdio average luminance
and contrast. However, the resultant images are still extrealy simple, and do not
show strong spatial resemblance to their targets. Some sf@tproperties are being
captured, but they do not appear to su ciently align with human perception.

Much like in the previous experiment with only a slope measer Table 5.3 shows
the clear ease with which the system is able to provide numeaily ideal candidates
while using two regression objectives. After su cient conwgence was seen, some
targets would occasionally show spikes in the amount of errfor one objective while
optimizing the other. The Van Gogh target showed increasedorise in its 0 set mea-
sure during the later generations, while the ower target shwed sacri ces to slope.
This perhaps suggests that neither objective was inhereytinore di cult, but instead
target dependent.

5.2.2 Radially Averaged Power Spectra

With the measurements in the previous two experiments being@b abstract to provide
su cient detail for synthesis, our next strategy is to step at from the linear regres-
sion, and instead attempt to match the curve of the radiallyaveraged power spectra.
While the regression could give an approximation of the proptons of high and low
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Table 5.4: Experiment E3 Summary Table (Curve Fitting)

| Curve Fit Error
Target Agg. Mean Best
Mean 29247078.74 1490.6

g Mondrian o ihey  16016073.04  516.6

7
5
Van Gogh Mean 24723467.21 174.29
StdDev 15038002.79  242.65

3

3

0

7

Mean 24403723.59 11.5
StdDev 14825076.61 11.6
Mean 26113798.08 401.3
StdDev 23936488.33 479.0

Cable Ends

Flower

frequency components in the images, a curve tting approacthould be able to much
more precisely match the power at each specic spatial fregocy. As the log-log
scaling (used to match the charting from existing literatue) is no longer required, we
can also gain the bene t of including and matching zero-powed frequencies. While
a separate objective was used to handle the addition of thegression o set mea-
sure in the previous experiment, accommodating each of thé feasured component
frequencies would put us into many-objective territory, ad our sum-of-ranks tness
strategy would be inadequate. Instead, we will consider angile objective from the
sum of square error at each frequency. One key concern withighrapproach would
be that most of the power in images is set about the lower fregocies (as also seen
in )[32]), and there is thus a high potential for bias to matchthe lower frequency
components.

Section 4.1 provides example code for producing the radiakhveraged power for
each frequency, from which the sum of square error can be puged using Equation
5.3. For ann n power coe cient matrix, we can produce the radial average ahe
power coe cients grouped by frequency for both the targetT) and candidate image
(C), and index each frequency from 0 tmi=2.

X:Z
Error = (T C;)? (5.3)
f=0
Visually, it may not be clear if there was any improvement in amparison to the
previous experiment. Figure 5.5 shows similarities betwe@nages across the various
targets. While not as easily di erentiable, there are some mor improvements to
visual similarity with the images' respective targets. Theower target appears to
have stronger, more consistent contrasts emerging from nhag its evolved images.
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Beyond that, the Mondrian target has a few images with themesf spaced lines, the
Van Gogh has a few images with some vague aspect of a pro ledam pair of images
evolved from the Cable Ends target has a ne granular noiséé texture. However,
these appear to be exceptions, not the typical result.

It would seem that we are capturing more useful informationhut it is not clear
if what we capture is su cient, or if our measure is too di cul t for the evolutionary
system to use as guidance. From Table 5.4, we see that the ag® population error
is orders of magnitude larger than the error of the best indigtual, but this may
not be unexpected due to reproduction operators having theopential to cause huge
changes to the lower |[more powerful | frequencies. Rather, the charting in Figure
5.5 displays a suitable convergence.

Returning to Table 5.4, we can see that the error levels of theest evolved images
are orders of magnitudes less than the nal population mearComparing the di er-
ence in error between the best found individuals for each get, it would seem that
certain targets are inherently easier for our system to safy. Worrying, however,
is the low error found with the Cable Ends target. While two imges produced for
that target had some remote similarity, most appeared quitgisually dissimilar. This
strongly suggests that some visual component is not beingptared by our measure.
It is quite possible that the radial averaging is providingéniency; harmonic frequen-
cies could be missed if recreated at di erent radial anglesrd thus in the same bin
for radial averaging). We will also later adjust our tness netrics and incorporate a
measure for component frequency phase, but not before rengi the capabilities from
a purely power-based approach.

5.2.3 Power Coe cients

The next step in our set of experiments is to match power coeients. While a
perfect match of coe cients would diminish the purpose of ppducing new, novel
images, the absence of capturing any phase information ktdaves us with a plentiful
amount of possible evolutions. Concerns that the previousuwe tting approach

could be obscuring certain frequency interactions furthewarrants a less abstracted
tness measure. We will simply employ a single objective, rasuring the sum of
squared error across each of the 2Bower coe cients. (To improve computational
e ciency, half of the coe cients may be ignored due to the synmetrical nature of
FFT on non-imaginary input, and the resultant power spectra.) This measure is
described in Equation 5.4, assuming am n power coe cient set, with T belonging
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Table 5.5: Experiment E4 Summary Table (Coe cient Error)

\ Coe cient Error
Target Agg. Mean Best
Mean 40801723.31 687983.8
StdDev 19789631.85 84851.2
Mean 29554765.71 5167.9
StdDev 18628699.02 2016.6
Mean 25481751.48 1855.4
StdDev 15398753.35 85.7]
Mean 24287423.34 28761.0
StdDev 13255031.22 16807.5

N

Mondrian

Van Gogh

~Nw N> o

Cable Ends

Flower

o ©

to the target and C the compared candidate. Much like the curve tting measure,
we expect to see a bias toward lower frequency coe cients.

XX
Error = (Txy  Cxy)? (5.4)

y=1 x=1

Visually, from Figure 5.6, we see mixed results across the tatg. The Mondrian
targets appears to show improved consistency with recreagy lines, and the ower
target continues to show strong light and dark contrasts. Té other two targets
appear to have worsened visual performance, despite shayvilthie strongest results
numerically, as in Table 5.5. Despite our preconceived exgtation that the Mondrian
target should be the easiest among initial targets to recreawith our system, and
despite it being a target with many visually similar evolvectandidates, it is the worst
scoring of the targets for this experiment. Additionally, tre visual disparity between
the Cable Ends target and its evolved candidates despite itmimeric performance is
curious.

When we examine some of the evolved candidates and comparethe the targets
(Figure 5.7), our observations are completely opposite to ¢hnumeric scores above.
Despite the low amount of error produced with the Cable Endsatget, the power co-
e cient display is substantially di erent between the target and its visually dissimilar
evolved candidates. Further, some of the more visually faitul candidates from the
Mondrian target have similar power coe cient displays desjpte their numeric error
scores. This is actually a welcome sanity check. These obsdions would suggest
that the rst few coe cients provide far too heavy a bias to produce meaningful
results, and that some other approach will be needed to overuoe this bias.
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Figure 5.7: Experiment E4 Target & Candidate Comparison

Evolved images are compared alongside their target image.hd& second row of each set shows the complete set of powe
coe cients, where the third row lters displayed coe cient s to the top 50. Overlap between the ltered top 50 is show in
style of a confusion matrix; common positions are white, pi®ns missed from the target are red, and positions in the odidate
but not target are green. This shows the relative ranked stat of the top 50 coe cients.
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5.3 Filtering Relevant Coe cients

From our attempts at guiding texture evolution through powe coe cient error, we

have gained some insights on how few coe cients can heavilg wience the tness
measure. It follows that we will need to explore various waysf more fairly scoring
similarity between power coe cient sets. We will craft and &aluate new tness
measures which play with ideas of extracting smaller sets obe cients, use rank
distance in lieu of error distance, separate more powerfube& cients to their own

objectives, and begin to incorporate aspects of phase. An oview of the experiments
considered in this section can be found in Table 5.6 below.

Table 5.6: Overview of Section 5.3 Experimental Variations

Label Measure K Language Tables Figures Notes

J1 J1 50 Base 5.7a 5.9 Top K truncated, quantized er-
ror (position mismatch)

J1 150 Base 5.7b 5.9
J2 J2 50 Base 5.8a 5.10 Rank distance error
J2 All Base 5.8b 5.10
J3 J3 50 Base 5.9a 5.13 J1 with integrated phase error
(linear)
J3 50 Base 5.9b 5.13 J1 with integrated phase error
(squared)
K1 K1 50 Base 5.10 5.14 Top K, non-quantized power
and phase error
K2 K2 50 Base 511 5.15 K1, with separate objectives
for power and phase
K3 K3 50 Base 5.12a 5.16 K2, with the'® coe cient sep-
arated to a third objective
K3 150 Base 5.12b 5.16
5.3.1 Coe cient Extraction from Jacobs et al.

An initial survey into extracting key coe cients from a 2D DFT d ecomposition did not
yield many useful results. Most of the found articles pertaito compression of sparse
transforms, and while doubtless useful for other applicaths, did not provide much in
means of determining spatial saliency. The common featuretween papers [32][36],
and our existing understanding with image composition, was the prioritization of
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higher power coe cients. However, this does not assist us witour previously found
issue of coe cient bias.

A strategy for frequency analysis coe cient isolation wasdund among works in
image retrieval using wavelets. The paper oRast Multiresolution Image Querying
by Jacobset al. [45] outlines a technique for e cient retrieval of images by eampar-
ing how well a set of extracted wavelet coe cients and their psitions match. The
techniqgue had been adapted for use with texture synthesisgwiously [43][44] with
some level of reported success. In the initial paper by Jacodéisal., the calculation of
the querying metric from the transformed coe cients is ratter straightforward and
e cient. First, the set of coe cients is \truncated" by zeroi ng all but the top K
greatest absolute value coe cients. Following this is a \gantization", setting all
non-zero components into their sign of 1;,+1g. The total error between images is
then the sum of di erences between each truncated, quantidecoe cient position.
The paper also plays with the idea of binning coe cients by psition and using a
weighted sum instead for its nal calculation.

A promising observation from the paper regards the bene di@ ect of the quan-
tization scheme. It was seen that this quantization improwk the ability of metric,
and despite loosing much of the precise data from the coe ams, \the mere presence
or absence of such features appears to have more discrimargtpower for image
qguerying than the features' precise magnitudes"[45]. This wonderfully in line with
our own previous observations regarding a small number ofghi powered coe cients
overwhelming the ability of our metric to fairly guide evoldion.

A few further considerations will need to be made before attgting a similar
scheme using Fourier transforms instead of wavelets. A quemation to f 1;0;+1g
is not as meaningful in the context of a Fourier transform, wére power coe cients
are strictly positive. Amplitude coe cients may hold negative values, but also show
negative symmetries, and can change sign when set with oppephase. We can
truncate coe cients as per the paper, but the solution we hag attempted will instead
guantize all remaining values simply to 1 (an example of thisan be seen in Figure
5.8). This e ectively turns the score into a count of how manypositions share a top
K coe cient. As any position giving an error when observing theop K locations
from the target necessarily means there is an additional emrfound when observing
the top locations in the candidate, we can avoid double coung by only observing
the errors in the targets' top positions.

While a wavelet decomposition requires further choices forawelet type, decom-
position type, and basis normalization schemes, Fouriermopositions are constrained



CHAPTER 5. INITIAL EXPLORATION 58

Figure 5.8: Truncation and Quantization Example
A simpli ed example with superscript noting the relative rark of the coe cient po-
sition. Positions with error have been displayed in red.
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but simpli ed. We do, however, still need to choose & value to determine the size
of our coe cient truncation. Jacobs et al. had found values of 40 to 60 to perform
well with their image retrieval data sets, with a slightly ircreasedK value showing
leniency (improved matches) when retrieving rougher, handrawn recreations of the
gueried image. In our selection of a suitabl& value, we considered possible recon-
structions of the target images which had power removed fromll but the top K
positions. A wide range of values for our selection & were found to produce sim-
ilar recreations of the target when maintaining similar phae values, but prominent
recreations seemed to begin to form in the range & = [50;150]. Target image
reconstructions at variousK choices can be seen within Figure A.1 in Appendix A.

Initial Adaptation

With a proposed countermeasure to the few domineering coe ents, our next exper-
iment will be attempted using our adaptation of the Jacobgt al. metric. Continuing
without changes from our base system, and maintaining thers& basic GP language,
we will explore evolutions with the selections of botk =50 and K = 150.

Initial review of the evolved solutions in Figure 5.9 looks ther rough for both
choices ofK. With K = 50, the Flower target has some minor aspects appear
in its solutions, and the Cable Ends target has a somewhat caistent display of
partial stripes |[seemingly proportioned to the width of a cable strand end in the
target. When we follow up by referencing Table 5.7, we see thaest results for the
ower target at K = 50 had an average of B=50 15% mismatched coe cients
in its top ranks. These images produced are a fair bit roughethough not entirely
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Table 5.7: Experiment J1 Summary Table

(&) K =50
\ Coef. Mismatch
Target Agg. Mean Best
Mondrian Mean 32.46 15.17
StdDev 1.03 1.76
Mean 30.41 11.8(
Van Gogh  giipey  0.83 1.16
Mean 40.79 30.27
Cable Ends giipey  1.06 2.66
Elower Mean 27.81 7.30
StdDev  0.89 1.15
(b) K =150
\ Coef. Mismatch
Target Agg. Mean Best
Mondrian Mean 53.28 18.37
StdDev 2.16 1.87
Mean 69.52 34.33
Van Gogh  qiipey 302 2.12
Mean 116.26 88.97
Cable Ends qiibey 241 3.50
EFlower Mean 63.90 27.37
StdDev 2.62 1.97
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unimaginable from the types of images we have seen at simikarvalues during image
reconstruction (Appendix A, Figure A.1). While still very far from the target image,
the candidates produced from the Cable Ends image do have sominutely familiar
spatial properties, and accomplish this despite having av60% mismatch on average.
The remaining targets have seen some increased contrast amparison to previous
experiments, but altogether have not shown substantial wisl improvements.

When we consider the change t& = 150, the amount of error has strictly in-
creased, though not uniformly nor linearly. Despite triplng the count of coe cients
remaining after truncation, some error scores have approxately tripled, but others
have increased further, and some |notably the Mondrian target | have barely risen
at all. Further, despite the Mondrian target showing a capaitity of matching higher
coe cients, we have seen a substantial visual drop aK = 150. The increasedK
value appears to give a consistent visual degradation acsoall of the target images.
With the Mondrian target, it appears that almost all found soltions have adopted
a diagonal contrast as it is presumably much easier to incaymte some of the lower
power coe cients near the diagonal centre. Choice foK will need to be balanced
between providing the necessary level of detail for the taeg without providing too
many options for the result to be misguided.

We will shortly see further trade-o for choice ofK values when considering the
integration of phase error in our metrics.

Rank Distance Adaptation

In considering other methods to reduce the overwhelming inence of the few largest
coe cients, inspiration was taken from other parts of our GPsystem to consider
di erence in rank. With the suggestion from Jacobst al. that placement in the
top positions are more e ective discriminators than the aatal coe cient values, we
can further consider that relative powers amongst the compent frequencies is an
alternative worth consideration. We go forth with the idea hat frequencies ranked
higher amongst others in the target should also rank highem#ngst others in the
candidate image. By summing the total di erence in rank numbr for each coe cient
between target and candidate, we have a potential measurer fdisparity in how
relatively important each component frequency is.

Conceivably, this new measure may not require the truncatioprocedure used by
Jacobset al., however, we will consider the cases of both = 50 and K = 1282
(all coe cients). Checking the rank error on all positions nay provide more total
precision in the ideal case, but could also easily result inopr-looking results due
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Table 5.8: Experiment J2 Summary Table

(a) K =50
\ Rank Error

Target Agg. Mean Best
Mondrian Mean 9949.74 942.4
g StdDev  4901.56 89.5]
4 van Gogh Mean 8299.26  718.5i

StdDev  3288.52 91.1¢
Mean 28716.72 11693.4
StdDev  7430.03 2575.7
Mean 8919.63 446.2
StdDev  6692.69 116.21

Cable Ends

WO o vYw—0o

Flower

(b) All Coe cients

\ Rank Error
Target Agg. Mean Best
Mondrian Mean 36856289.46 32323384.53
T | StdDev  2058630.46 742917.26
e Mean 58185631.10 53110794.60
& Van Gogh

StdDev  1817498.60 218671.21
"‘. Cable Ends Mean 54830748.34 49263217.73

StdDev  1805632.30 130566.58
Mean 44611553.74 37384364.67
StdDev  2117072.33 437745.62

P Flower

to the many very low powered (e ectively non-visible) coe aents happening to be
correctly proportioned; an e ective bias for the low-powezd frequencies.

From Figure 5.10, the idea of using the rank of all 128coe cients can be dis-
carded. Candidate populations appear to have converged Wwivery high remaining
rank error. With the extremely simplistic resultant textures, we can see that the t-
ness measure was not able to provide strong enough guidangbere the population
prematurely converged after tweaking the ranks of a few midank coe cients (still
very low power and largely undetectable) and falling into aolcal optimum.

When we limit the ranking to the top K = 50 coe cients, we compare ranks of
the top 50 positions in the target image to the ranks at that repective position in
the candidate. From Table 5.8, most targets performed resgtably, with the noted
exception of the Cable Ends target. Examining the locationfathe larger power
coe cients in the target (Appendix A, Figure A.1), it would seem that this may be a
di cult target for the measure due to the uncommon location & some of its higher-
powered harmonics far o on the diagonals. The results withtber targets seem to
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CHAPTER 5. INITIAL EXPLORATION 66

be not too dissimilar from those produced by the adapted Jacslet al. approach.

5.3.2 The Importance of Phase

A critical di erence between the original metric put forth from Jacobset al. using
wavelets, and our adaptation with Fourier transforms, is te inherent removal of any
spatial localization in our frequency analysis. Fourier alysis has a higher precision
in measuring component frequencies throughout an entire &age, yet wavelets are
able to localize where power was seen in the source image tase the coe cient
indices. Thus, when the measure by Jacolet al. was truncating coe cients, they
were capturing both some degree of frequency and also pasis in the image where
the frequencies manifest.

Up until now, our proposed tness measures have attempted torpduce images
with similar amounts of component frequencies. When measung coe cients, their
index and position (the radial angle of the coe cient from catre) has encouraged
evolution of component frequencies with similar placemenbut we have largely over-
looked how these component frequencies should be o set angidap. The other key
aspect of a Fourier transform, the phase component, has no¢én taken into account
for any measure. By reincorporating this measure into our ness schemes, we may
provide some further constraints on the location of where ghcomponent frequencies
crest.

Examining Potential Gains

With the suspicion that our lack of capturing any aspect of phse has begun to limit
the extent of what we can guide through evolution, we re-exane our targets while
considering what they may look like if their component fregencies had alternative
phases. In Figure 5.11, we have highlighted some reconstioos of target images
while limiting coe cients to their top K = 50, and providing alternative phase values.
Reconstructions with various phase selections and coe aietruncations can be see
for all targets in Appendix A, Figure A.1. While there is su cient power to begin
recreating the images in the most ideal circumstances (pleaetained from the original
target), when we consider the case of alternative, randomlsetion for phase angles,
images can become anything from heavily varied to complegainrecognisable. These
images |which may indeed show no human-recognizable simitdies | would be
considered ideal solutions by our existing tness schemeSlearly there is a need to
incorporate phase into our tness measures for more reli@human recognition. Some
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Figure 5.11: Reconstructing Target Images With Varied Phase

A pair of targets are chosen for reconstruction with a trundad set of Fourier ampli-
tudes paired to di erent phase angle values. By zeroing powmn all positions except
the top K = 50 most positions, we can see the most salient positions agside the
target in the second column. The third column is the inverse&FT reconstruction
with power limited to these truncated positions. We also she reconstructions vari-
ants using the same truncated amplitude set, but with zeroephase angles, or phase
angles which have been produced randomly. This may adjustpectations for the
types of images evolved when phase is not considered.

targets, like the Mondrian image, still carry many similar taits when ignoring phase,
and would instead require increased precision to which coeient positions contain
high power measures. This suggests that targets may have yig requirements for
precision in phase.

After observing the wide variety of images which could poteially satisfy our
tness measure, we also re-examine a number of previoushobed candidate images
which were notable only for their poor visual resemblance tthe target. We see
that these candidates were often not scored among the outhe but actually held
reasonably similar top power coe cient positions. Figure 8.2 reconstructs a pair
of images which we identi ed as having low visual similarityto their targets. By
reconstructing the images using their targets' phase anglewe're given an optimistic
look at the type of images that could be expected if phase wagme to be successfully
guided in evolution.

Including Phase In Fitness

With the discovery that our previous measures can produce irgas with reasonable
approximations to the targeted frequencies, we will now bagto also score phase



Figure 5.12: Reconstructing J1 Results With Target Phase

Target images and an evolved candidate are compared to obseitruncated power coe cient mismatch and an optimistic
estimation of results if phase angles were replicated. Theepious Figure 5.7 describes the displayed power coe cientdVe
now also show an image reconstruction in the rst row, last damn, which combines the candidates power coe cients withhe
phase angles of the target image. The compared (poor) canalieds show noted improvement when phase is adjusted.
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CHAPTER 5. INITIAL EXPLORATION 69

information for further evolutionary guidance. We return b our adapted Jacobset

al. approach |or, top K mismatch | and will consider the di erence of phase angle
for those topK positions. Being mindful that phase error should wrap abol2 , the

maximum di erence in phase angle should be. We normalize the phase error to
[0; 1] and square it for each of the top positions, using this emdo slightly penalize

the top matching positions if they are out of phase. So as to hoompletely remove
the bene t of having a top ranked frequency, even if complele out of phase, we will
limit the phase error by scaling it to [Q0:5]. E ectively, for each of the target's top

K ranked coe cient positions, a penalty of 10 is added if the position is not also
ranked among the candidate's togK , and if it is, there could be a penalty of up to
0:5 based on phase mismatch.

8
X <0 i 1 ST - V2 . T
Error = . OO+ 2[ ( (T1TI)’ (C’TI) )] ’ TI 2 C (55)
i-1 - 1.0 ; i 2C
(asa) (ar @) mod (5.6)

We encode this in Equation 5.5: wherd@ and C are the truncated set of coe cient
positions for the target and candidate as ordered by power. &Will have ( V;p and

(V; p return the power and phase angle respectively of the coe ents (vectors) in
setV corresponding to coordinatep. With a slight abuse in notation, we will denote
the coordinates of thei'™" ranked position (by power) of a coe cient set asS;.

After further adapting the Jacobset al. measure to include the additional phase
mismatch penalty, results are slightly underwhelming, bualso show some slight im-
provements and promise. The candidates generated from tkeesins shown in Figure
5.13 are still quite rough, and appear largely similar to thee produced by experi-
ment J1 with the phase-less coe cient mismatch measure. Hower; there are a few
subtle but notable di erences. With the Van Gogh target, we sea more prominent
triangular pro le shape from the bottom to the centre of the mage (optimistically,
resembling the torso and edge of the shoulders). The candiésa from the ower
target seem to be recreating a brighter object emerging frothe darker edges with
some consistency. It was initially anticipated that the Modrian target would imme-
diately bene t from the inclusion of phase information, andso it is unfortunate that
no particular di erences could be recognized from its candiates produced without
phase information. We could remain slightly hopeful as, fothe Mondrian target
speci cally, the population has yet to fully converge despe showing similar numeric
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Table 5.9: Experiment J3 Summary Table

(@) K =50, Linear Error

\ Combined Error

Target Agg. Mean Best
Mondrian Mean 24.39 20.43
StdDev 1.51 2.03
Mean 18.91 15.4(Q
Van Gogh  giipev  1.39 1.19
Mean 34.04 30.87
Cable Ends giney  1.99 2.46
Elower Mean 17.60 13.95
StdDev  1.38 1.26

(b) K =50, Squared Error

\ Combined Error

Target Agg. Mean Best
Mondrian Mean 21.76 16.79
StdDev 1.57 1.82
Mean 16.51 12.45
Van Gogh g1 ipev  1.69 1.90
Mean 33.98 30.71
Cable Ends giipey  2.11 2.70
Elower Mean 14.87 10.76
StdDev 1.44 1.23

70



Figure 5.13: Experiment J3 Summary Charts & ExampleX = 50; Linear Error
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Figure 5.13: Experiment J3 Summary Charts & Example¥{ = 50; Square Error
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CHAPTER 5. INITIAL EXPLORATION 73

scores to its J1 counterpart.

Comparing Table 5.9 to Table 5.7 (produced without phase paities), we do not
see a large increase in reported error. The best individuat$é the run showed an
average increase of only 1-2 points for normalized, squangldase error, though the
population means increased with the expected 10-15 pointe K = 50, average of
0.2-0.3 from a max of 0.5 per position).

Originally performed due to an oversight in our system devabment, we include
a variation of the current tness scheme which used a lineamstead of square, phase
error penalty. Using squared error is e ective for exacerbaiy the e ects of the more
egregious coe cients in a set, and consequently adding psege for evolutionary
systems to identify them as problems. The consistently higinh numeric scores from
this experiment set raises some concerns over how much phaser is permitted
due to weaker guidance away from |and inability to identify |  the poorly aligned
frequencies. However, there are some visual aspects and dascies shown in these
evolved candidates which might be preferable over the sqeaerror approach.

5.3.3 Power Coe cient Error & Objective Separation

Before proceeding to optimize our phase-adapted, top K misttch approach, we
return and consider some alternate adaptations which miginhake use of the full, non-
guantized power coe cient errors. From our re-constructie analysis in the previous
section, we see that the Mondrian target should still be capée of producing relatively
recognizable reproductions when phase is ignored, but we dot see this being as
prominent in actuality. We suspect, then, that there could 8l be some further
improvements made to capture precise power information, geps also with the
inclusion of phase.

We have seen that truncation of coe cients to theK most powerful has shown
an improved e ect on guidance during evolution. There are #t concerns that even
among the truncated set, the most powerful coe cients may beroviding extreme
pressures which overshadow the remaining coe cients. Therare also related con-
cerns that too large of & value could dilute the guiding pressures of the measure, as
we have seen previously. Thus, we will truncate coe cientsa the choice ofK =50,
which seemed suitable from our previous experiments, butrgder schemes which
use the full coe cient error.
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Table 5.10: Experiment K1 Summary Table

\ Combined Error
Target Agg. Mean Best
Mean 47634110.79 499404.81
StdDev 15649227.61 65703.39
Mean 25762310.89 2085.22
StdDev 14424950.60 1064.29
Mean 25789125.60 1426.70
StdDev 17115758.74 132.97
Mean 23011363.10 29664.64
StdDev 14479664.53  26257.33

Painting_Abstract_002

Painting_People004

Pattern_Texture_012

Photo_Objects 005

Top Power & Phase Combined Coe cient Error

In our rst return to power coe cient error, we will consider a single combined mea-
sure of power and phase across the tdp = 50 power coe cient positions. For each

of the K positions, we will increment our error by the di erence in pwer between

target and candidate, and also by the squared, non-normadid (wrapped) phase angle
error (ranged in [Q ?2]). This should be similar to experiment J3, but using the full
power coe cient values (instead of quantized tdf 0; 1g), and a non-normalized phase
angle error to hopefully prevent being completely overshadied by the scale of the
power error. We detail the approach in Equation 5.7 which usehe truncated set of

coe cient positions for the target T and candidateC as ordered by power.

Error = [(T;T) (CTP+I( (T (ST (6.7)
i=1
This borrows notation and functions from Equation 5.5, with ( V;p and (V;p
returning the power and phase angle respectively of the coeients (vectors) in set
V corresponding to coordinatep.

Interestingly, the numerical results in Table 5.10 show siitar properties to those
found for experiment E4 (Table 5.5) in terms of relative ernofor the best individuals
amongst targets. Visual contrast between Figure 5.14 and theqvious Figure 5.5
from experiment E4 suggests that this approach my be produng more similar and
novel results for some targets. Much like experiment E4, tHeable Ends target shows
exceptional numerical performance despite little resenaice to the target. To some
extent, the ower target maintains some levels of contrastsit had previously, and
the Van Gogh target is still quite abstract. The Mondrian taget, however, has much



Figure 5.14: Experiment K1 Summary Charts & ExamplesK = 50
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CHAPTER 5. INITIAL EXPLORATION 76

more distinct lines in many of its evolved candidates. As the dhdrian target was
the most improved, and its performance does not appear to hélg rely on phase,
it would seem that there was some success in reducing the erppoduced through
power coe cient mismatch, though it may not have bene ted al targets.

Top Power Coe cient Error, Separate Phase Error

With the results from K1 above, the addition of phase informabn and the truncation
of the power coe cients to the top K positions appeared to provide us some bene ts
to the more power-dependent Mondrian target. However, the loér targets which
had previously shown some minor improvement when providech@se information
did not appear to show notable changes from those producedenperiment E4. It
may be advantageous to consider power and phase errors inglegiently, both for the
subsequent analysis of relative di culty, and to potentialy increase the evolutionary
pressure for the targets showing di culty in correcting phae.

Using the sum-of-ranks multi-objective tness approach, wavill isolate power
error and phase error as two separate objectives for the selyjsent experiment. Power
error objective will be calculated from theK = 50 truncated coe cients as the above
experiment K1. The phase error objective will use the squatenormalized (wrapped)
phase angle error from the sami¢ = 50 truncated coe cient positions. The formulae
for the objective measures are seen in Equations 5.8 to 5.9.

X
Eforpower = [ (T;T)  (CT) P (5.8)
1

EITOT phase = (M (GT)) (5.9)
i=1
The ability to distinguish between power and phase errors ifable 5.11 provides
us some possible insight into the di erence of di culty between targets. The poorly
performing Cable End's target, despite showing exceptiohpower error scores, has
a comparatively high phase score. This may help explain whyewsee candidates
with poor visual quality, though this notion is o set somewtlat by the target recon-
struction in Appendix Figure A.1, which suggests that power shid be the stronger
requirement for this target. We can also observe that the VagGogh target scores
comparatively well across both objectives, despite many rigets having very rough
visual similarity. Between these two points, we are forcedtrecon rm that di culty



Figure 5.15: Experiment K2 Summary Charts & ExamplesK = 50
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Table 5.11: Experiment K2 Summary Table

\ Power | Phase

Target Agg. Mean Best Mean Best
Mean 47587277.68 668330.39 8.13 5|68
StdDev 23422058.74 73594.34 153 1)58
Mean 22658547.22 10685.58 6.72 4,08
StdDev 11670497.09 10433.65 1.38 1,31
Mean 31659288.74 1397.18 9.40 6.09

2.

6

1,

Painting_Abstract_002

Painting_People004

Pattern_Texture 012 o ipey  18502531.48 65.30 255 2.15

Mean 23833558.68 91515.08 9.49 93
StdDev 16702114.90 97110.63 2.13 82

Photo_Objects 005

is highly target-dependent.

The visual performance shown in Figure 5.15 appears to havan@ned similar
(if not slightly degraded with the Mondrian target) from the previous experiment.
When we examine the performance plots for both the populationean and the best
individual, we see some consistent behaviour across the tebjectives. The power
objective appears to improve and converge fairly quickly, were the phase objective
is somewhat slower to stabilize. The phase objective is theither more di cult for
our system to satisfy, the power objective is converging praturely, or both. We
will consider further re nements to the phase objective inlie upcoming Section 6,
but we will attempt one more experiment to adjust our handlig of power coe cient
error.

Top Power Coe cient Error, Separate Phase Error, Separate Oth Erro r

Our last attempt to incorporate the non-quantized (though tuncated) power co-
e cient error involves extracting the single most signi cant power coe cient and
isolating it into its own additional tness objective. The previous experiment left us
with the consideration that there may still be heavy bias anghremature convergence
due to a small selection of key coe cients. The zero frequepoor 0" coe cient in the
2D DFT and power spectra relates to the overall o set of powerequired to recreate
the overall intensity of the signal or image. In many cases thiimages, we will see
this coe cient as the highest powered coe cient by a large magin (consider that
image sample values are not negative, so any waveforms in tiheage will need to
be positively o set). The 0" coe cient should be an important approximation of an
images average intensity, and should be captured. We will netheless try isolating it
to a separate objective so as to not unduly exclude the remaig power coe cients
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Table 5.12: Experiment K3 Summary Table
(&) K =50
\ Oth Power | Phase
Target Agg. Mean Best Mean Best Mean Best
Painting_Abstract.002 Mean 11.65 0.00 421857.04 314059.28 11.03 7.65
StdDev  5.15 0.00 80588.84 90657.25 3.03 1.86
Painting_People004 Mean 460 0.00 669222.23 1909.08 9.43 5.60
StdDev  4.51 0.00 455983.23 1081.65 290 174
Pattern Texture 012 Mean 10.16 0.00 142984.81 941.34 10.02 6.58
StdDev 7.33 0.00 107604.44 265.20 2.36 1,67
. Mean 23.76 0.02 451154.15 1491558 10.91 8.26
Photo Objects005  gi4pey  9.01 013 33476294 395272 1.90 1,48
(b) K =150
Oth Power \ Phase
Target Agg. Mean Best Mean Best Mean Best
Painting_Abstract.002 Mean 10.14 0.00 835566.64 476798.51 40.11 33.20
StdDev  5.14 0.00 235074.43 69166.89 5.32 3.66
Painting_People004 Mean 4,12 0.00 631053.51 3036.02 36.54 28.43
StdDev  4.24 0.00 396339.35 1389.43 7.16 497
Pattern Texture 012 Mean 8.72 0.00 197305.03 1123.29 39.06 32.62
StdDev 7.57 0.00 184609.25 284.71 3.94 3,04
Photo_Objects 005 Mean 17.72 0.00 224754.35 14258.83 36.09 31.58
StdDev  5.84 0.00 104786.48 3609.90 3.26 295

from providing evolutionary guidance. The existing two surof-ranks tness objec-
tives from the previous experiment, power error and phaserer, will be maintained
in addition to this new objective. These three objectives ardetailed in Equations

5.10 to 5.12.

Error gn =

Error power =

Error phase =

j
X

i=2

i=1

(T:T) (CTy)j
[(T;T) (CGT)]
(T (CT)) G

(5.10)

(5.11)

(5.12)

The greatest power coe cient is expected to correspond to th 0"-frequency, and

thus we have position forT; lie at the center of the power coe cients

n.n
2' 2

)-

When observing the di erence of performance between the pieus experiment



Figure 5.16: Experiment K3 Summary Charts & ExamplesK = 50

While plot curves, labels, and axes are usually associated &xlour, their is a notable exception in this gure (and the fowing
variant for K = 150), to accommodate the scale of the additional'® coe cient objective. The dashed red lines correspond to
error between the & power coe cient, but despite being a power-related objectk, it will be scaled along the phase axes to
better display the plot behaviour.
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and the results forK =50 in Table 5.12, there is a substantial improvement to powe
scores. The th coe cient objective has been consistently minimized to an reor
of < 0:01 for most targets, while scores for the power objective reasubstantially
decreased (by factors between :3to 5 times). Phase has worsened only slightly,
which was not altogether unexpected considering the xed geration count, and
additional objective to be optimized. It would seem that bysolating the 0" objective,
we have accomplished the goal of allowing the remaining codaents to show greater
e ect.

Examining the performance plots in Figure 5.16, we do largelsee similar be-
haviour to the previous experiment, so it is not fully clearfiwe have resolved our
concerns of premature convergence. However, many of the &iiggdo show a noisier
re nement of their best individuals. While we have seen somempetition between
objectives in the previous experiment, this may be a promigy signal that the power
objective has additional possibilities to explore in its gdance of the candidate im-
ages.

Figure 5.16 also shows some long-awaited visual improvenmrgniWVhile the Van
Gogh target remains abstract, the Cable Ends target begin® tshow some higher-
frequency patterns, and the ower target seems to consistiy capture and evolve
either the lightened corner, or out-of-phase petal clusterMost notable is the im-
provement to the Mondrian target, which now solidly displag similar features to the
target: crossing lines and intensity blocks.

Results with K = 150 had been omitted for the previous two experiments as
there were no notable visual changes observed. With the cumtetness measure,
the change inK leads to mixed results. The Van Gogh and ower targets see tl¢
change, and the Mondrian target appears to give less ideakual features. The ever-
di cult Cable Ends target, with the increased K, shows an improved consistency in
its higher-frequency, seemingly noisy patterns. This is dous, as the Cable Ends
targets can provide reasonable reconstructions at onky = 10. A current suspicion
is that some of the higher-powered coe cients for this targeare di cult to be guided
toward without intermediate frequencies as targets. Thisgain signals the di erence
in di culty between certain targets.



Chapter 6
Compositional Re nement

Previous experiments have provided us with numerous tnesspproaches to build
upon. Our exploration with power coe cient error schemes hs resulted in an ap-
proach which may be suitable for evolving basic targets wiicdo not require high
detail in phase information. However, many images will not beatis ed by these
constraints, and we are still somewhat lacking in our abiltto guide coe cient phase
angle. In this section, we will adjust our tness schemes tobtain a measure which
is capable of guiding and producing candidate images with abe-dependent, compo-
sitional attributes.

Table 6.1: Overview of Section 6 Experimental Variations

Label Measure K Language Tables Figures Notes

J3 J3 50 Base | 6.2 Review of J3 (current best
quantized measure) with new
compositional targets

J3 10 Base | 6.4
K3 K3 50 Base | 6.3 Review of K3 (current best
non-quantized measure) with
new compositional targets
P1 P1 50 Base 6.2 6.5 New, general-purpose measure
P1 Y Polar | 6.6 K value and language adjust-

ments for survey preparation

¥ Choice of K in these experiments varies per target. Selections are dined in Table 6.3, and
reiterated within the tables of this section.
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We introduce new targets to assist with our exploration, upowhich we will rst
review our current top-contending measures. We then use oundings to produce a
new measure, which we recommend for its fair performance ess all targets. The
experiments of this section are outlined in Table 6.1.

6.1 Compositional Targets

The initial target set was chosen to express a varied seleti of our identi ed image
genres and styles. Unfortunately, by this point we are stilldrgely unable to capture
any of the ner style traits from the images in the initial target set. Contrarily, we
nd that attempting to quantify and guide candidates with similar coarse composi-
tion to be more tractable. Where we expect ner, micro-scaletyde properties to be
captured by the higher frequency power components, we seeamascale composi-
tional properties to be more easily expressed through the miinating low frequency
components. We have also begun to suspect that our choice dfimple GP language
may be adding to the di culty in reproducing the ner target im age traits of the
comparatively complex target images.

At this point, we refocus our e orts on the aspect of spatialamposition similarity.
We consider a new set of target images which are visually sitapthan our initial
set, but provides additional variation in basic but commonmage compositions, and
varied demands of phase precision. These new target imageslude compositions
frequently borrowed for evolutionary art, and we hope thathey will be capable of
giving us more insights when re ning our tness measures toisrend.

Figure 6.1 outlines the new compositional targets used for éhre nement of our
phase related measures. Power spectra coe cient displayadireconstructions of the
new targets can be found in Appendix A, Figure A.1.

6.2 Revisiting Previous Measures

Before attempting to re ne some of our previous measures, west familiarize with
how our new target images perform with the existing tness nasures.

When we examine the performance of our previous measures oe tiew target
set (Table 5.1 can brie y recap our explored measures), weessome generally mixed
results. Across both J3 (Figure 6.2) and K3 (Figure 6.3), targets @nposition 02
and Composition03 (black and white split) very consistently produce neargxfect
reproductions in the initial or early generations. Converdy, targets Composition07
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Figure 6.1: Compositional Target Set
A number of the targets are fundamentally similar, but hold ariations which we
believe may provide di culty for our measures. Composition03 di ers from Com-
position_.02 by adding a rotational aspect, which is further varied in @mposition 04
by changing the proportion of high and low pixel intensity. @mposition 06 builds

upon Composition05 by increasing the size and number of stripes, and in doing

85

so, transitions from a regular (repeating) texture to an iregular texture. Composi-
tion_08 adds translation to every odd row from Compositia®7 (incidentally creating

a diagonal repetition), and Compositionl2 adjusts the frequency of the overlapping

Gabors from Compositionll to create di erent interference e ects. CompositiorD1
and Composition09 are included as examples of basic but common patterns thraay
be found in abstract and minimalist artwork.

(a) Composition_01

(b) Composition_02

(c) Composition_03

(d) Composition_04

(e) Composition_05

(f) Composition _06

(g) Composition_07

(h) Composition_08

(i) Composition _09

(j) Composition _10

(k) Composition_11

(I) Composition 12




Figure 6.2: Experiment J3 Compositional Summary Charts & Exaples;K =50
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Figure 6.3. Experiment K3 Compositional Summary Charts & Exaples;K =50
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and Composition08 (the circle grids) remain di cult to reproduce throughout the
remainder of this chapter. The remaining targets show varnis degrees of success,
reinforcing that di culty of the measures is highly target dependent, and a ording
us space to improve with these targets. Compositiodl and Composition09, the
minimalist art compositions, give vague but reasonable anihteresting candidate
recreations with both of our existing measures. Neither theavious spiral/Gabor
targets (Composition10-12) nor the circular grid targets (CompositiorD7-08) show
any particularly strong circular aspects, though we do se@slar contrast frequencies
and chaotic behaviour with the former, and consistent grid &haviours with the later.

Some interesting divergences appear between the two mea&suwith a number
of the new compositional targets. With the striped targets, & see more faithful
reproductions using the K3 measure, which previously impred the striped Mondrian
target and other less phase-dependent targets. With Comptien_04, we see fairly
consistent reproductions using the measure from J3, which antized the power error
and used a single mixed objective with phase. In contrast, wh using the measure
from K3, we see that a triangle similar to that of the target isproduced, but placed
o set from the corner of the image { out of phase. When further ealuating the plotted
scores for this target with K3, we see that between the thredness objective, the best
individual's phase error objective was sacri ced and stedy increases as generations
progress. Many of the other targets show similarly high phaserror values for their
best individuals.

We have also explored these targets and tness measures widkver values chosen
for K. Figures B.1 and B.1 in Appendix B show results akK = 10. Many of these
targets performed very well truncating the power coe ciens to K = 10, and notably,
the stripes in Composition05 and Composition06 showed improvements with the J3
measure (Figure 6.4). With the reduced and proportional reduction to error scores,
identical concerns were still noted regarding the sacri cephase error objective.

We suspect that to optimize a more generalized, all-purposeeasure, we will
need to increase the pressure from the phase objective, thgh objective weighting,
reduction of objectives, relaxing power error through quaization, phase error scaling
schemes, or some combination of the previous approaches.

6.3 Adjusting Phase Error

After a few revisions inspired by the ndings of our previous »periments, we have
found a measure which appears the most promising when coresield across all of our
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Figure 6.4: Experiment J3 Compositional Example = 10, Composition 04-05

targets. Returning to J3 { which until now showed the most prornse regarding phase
accuracy { we separate the phase error component to its ownnstof-ranks tness
objective, and apply a scaling factor to the phase to prioiize the more powerful
components. This is more formally de ned in Equations 6.1 &h6.2, and will be used
for our next experiment, P1. While the non-quantized approdcperformed well with
experiment K3 for the less phase-dependent targets, it was the cost of degraded
performance of the other targets. Re-examining the quangd J3 measure with our
new compositional targets, we found reasonable performa@&nacross the entire target
set so long a¥K was tuned appropriately per target. From our observationsfghase
in experiment K3, we saw phase was often sacri ced in lieu obwer due to what
we presume was a higher inherent di culty with that aspect duing evolution. To
try and accommodate this phase objective, we add a linear $og to each part of
the phase error sum, such that errors seen at the more poweréoe cient positions
were correspondingly more meaningful. If the phase measwa&nnot be completely
ful lled during evolution, we hope we can now prioritize theo sets of the more visually
prominent (powerful) frequencies.

8
X <00 :T.2C
Error power = ) (6.1)
i=1 1:0 ; Ti ZC
8 9
X < =

[ Y (T;T); (CGT))? ;Ti2CT K i+1

Error phase = . . K
i1 - 1.0 ;T Z2Co

(6.2)
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Other intermediate measures created using separated phadgectives and various
scaling schemes had been attempted with negligible, if notaasionally negative,
performance changes when considering the set of targets astwle.

Table 6.2: Experiment P1 Summary TableK =50

| Power | Phase

Target Agg. Mean Best Mean Best
Mean 1151 8.03 3.03 15
StdDev  1.03 125 042 0.30
Mean 590 0.00 234 0.0
StdDev  1.10 0.00 0.48 0.00
Mean 319 000 131 0.0
StdDev  1.22 0.00 0.60 0.00
Mean 6.28 043 265 0.0
StdDev 195 1.07 0.83 0.18

o

0

8

Composition 01

Composition 02

Composition 03

Composition 04

Composition05 Mean 851 323 439 19
i StdDev 172 172 082 0.7

1
0
0
6
3
Mean 12.04 690 5.05 290
8
5
3
9
9

Composition06 ¢ \hey, 215 270 078 0.9

Mean 3480 31.10 1531 13.1
StdDev 162 3.21 096 15
Mean 36.91 33.03 16.29 13.8
7

Composition 07

Composition.08 StdDev 4.08 5.05 232 2.7

Composition 09 Mean 6.16 1.37 2.48 0.1
StdDev 152 0.89 0.80 0.19
Composition 10 Mean 26.08 1950 14.36 114
StdDev 5.00 6.46 165 2.1P
Composition11 Mean 23.41 19.10 11.10 8.6
StdDev 269 284 141 156
Composition 12 Mean 33.02 28.33 15.77 13.1
StdDev 298 3.33 1.31 1.34

We appear to have obtained reasonable success for most of taugets with this
approach (with di culty remaining for Composition .07 and Composition08). In-
specting the evolved examples in Figure 6.5, we see resultgéy similar to those
found in experiment J3, with some minor improvements to Compsition_04, and vari-
ations of Composition07-08.

Targets Composition02-04 were found to be largely trivial with our previous J3
and K3 measures, and so they remain with P1. Results for Congtion_05-06 are
of middling quality; not quite as ideal as those produced fro the K1 measure, but
still very recognizable, and further improved with lower chice ofK. In Table 6.2,



Figure 6.5: Experiment P1 Compositional Summary Charts & Exaples;K =50
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we see that the phase objectives score of Compositidb-06 are comparatively lower
than the power objective scores. With the di erence in calcation methods for the
two objectives, this is not unexpected, though the perfornmee relative to some of
the other outlier targets is a welcome change. Contrarily,he higher error in the
power objective for Composition05-06 despite the improved phase scores perhaps
corroborates the increased visual performance with low&r values. This is in line
with what we found while re-evaluating J3 (Figure 6.4) on the ne target set with

K =10, and we see similar results in the current experiment witKk = 10 or K = 25.
The more artistic targets, Composition01 and Composition09, produce varied but
reasonably recognizable recreations.

There is still an apparent di culty when using any measure wih targets Com-
position_10-12 (spiral/Gabors), and especially Compositia@7-08 (circle repetitions).
These targets show comparatively raised error values in Tiab6.2 for both phase and
error objectives. When previously revisiting experiment K3vith our compositional
targets, we found excellent performance in the power objég scores, despite phase
error remaining high. Visually, results showed similar corast frequencies, but still
often lacked compositional resemblance to the target. Theicent mediocrity of both
P1 objective scores on these targets is still far from idedlut we begin to suspect that
our system is unable to further guide evolution of these taegs' properties without
compromising between power and phase. When we consider tharghl spatial char-
acteristics between these high-error targets, it seems th@P language limitations,
and not tness measures, could be unduly impeding candidadrom producing cir-
cular traits. We consider it worth further investigation bdore any continued tness
re nements.

6.4 Survey Preparation

While larger adjustments to our GP language will be exploredater in Section 8.1,
observing the prolonged di culty with targets Composition_07,08,10,11,12 which fea-
ture circular characteristics has led to the thought that ou basic GP language is
inherently di cult for these traits. One minor adjustment w hich we were able to ac-
commodate prior to beginning our user validation survey wa®e evolve and examine
candidates through our J1 measure with a few additional codrdhte variables in the
GP language set.

We brie y de ne the additional variables in Section 4.2.1, &ble 4.5, though further
details will be outlined in 8.1. Our extension to the languag set appends the two
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Table 6.3: Choice oK for Compositional Targets

Target K Target K Target K
Composition01 25| Composition05 25| Composition09 25
Composition02 10| Composition06 10| Composition.10 50
Composition03 10| Composition07 50| Composition11l 25
Composition04 10| Composition08 50| Composition12 25

polar coordinate variables, and , in addition to the existing normalizedX and Y
texture coordinates. We believe that this should reduce thei culty for our system
to present circular spatial aspects as needed.

As we have determined that selection df should accommodate the speci c target
for improved results, we have used the previous P1 runs alomgth those produced
with our expanded GP language to propos& values for our compositional target
set. We detail theK values chosen per target in Table 6.3, and Figure 6.6 presents
our candidates evolved using the new P1 measure, polar caoete language set, and
selectedK values.

With these adjustments to our GP language, the spiral and Gabdargets (Com-
position_10-12) show de nite improvements regarding consistency drresemblance
to their targets. However, di culty is still seen in using Composition.07 and Com-
position_08 as targets. With the inclusion of polar coordinates, we bigto see some
minor circular aspects, but our system with this measure igils having trouble pair-
ing them with grid behaviour. We will see in Section 8.1 that@me minor extensions
to the GP language make these targets much more tractable. cden 8.1 will also
further explore the performance e ects of the polar coordate language adjustments.
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Figure 6.6: Polar Coordinate Language Summary Examplels; Per Target



Chapter 7
User Validation Survey

After having tested numerous re nements to our tness meases, we found that some
of the measures appeared to have enough utility for a geneplrpose compositional
guide. However, as the compositional similarity of a pair ofriages can broach similar
discussions as computational aesthetics, we found it of gtemportance to conduct a
user survey and validate our ndings with external observer We need to see whether
or not our tness measures are in line with other human opinies. By conducting a
user validation survey, it was hoped that we could remove s@nsubjectivity regarding
the success of the tness measures, and determine if theresmaewer con rmation
of visual compositional similarity when using Fourier-guied tness measures across
various target images.

7.1 Survey Design

As we have declared a key objective for success in composioguidance of our
tness measures to be the development of visually distinctrgups, we must design
a survey such that we can observe the rate of successful dlaasion between some
target, a matching generated texture, and a mismatching téxre. We are hoping to
verify whether or not survey participants believe that a teture generated from a GP
run (using one of our developed tness schemes) is more viyaimilar to the target
image used for the run than some other texture generated fordaerent target.
Survey design resembles those used by Walshal.[65] and Salimi [66] in their
similar use for user evaluations of tness measures. The say participants were
presented with a target image (used to generate a \succedsfunmatching candidate).
After observing the target, the user must determine which ofwo following images
more closely matches this target. By recording the frequeypat which user opinions
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match the known production method (whether or not the seleetd image was produced
with our tness measures), we can nd the degree of success fmur measure across
a number of sample pairings. Figure 7.1 shows one such sampééripg of images
included in the online survey.

Figure 7.1: An example survey question. Choice B was evolvedings the shown
target image, where Choice A was evolved from a di erent tasg. Here, Choice B
would be the correct match to our measure.

The targets images used for the survey were obtained from abset of the targets
explored in Section 6.1. Where the entire set of targets inaa a number of purpose-
fully similar compositional pairings, the targets for the ger survey were to remain
compositionally distinct. Figure 7.2 shows the collectionfdargets used in the sur-
vey. As the purpose of the survey was to validate spatial and mpositional features,
it was felt that including textures evolved using multiple olour channels could be
distracting to the user, and thus monochrome targets and téxres were used.

In designing the user survey, the goal of obtaining statistal results was balanced
with maintaining user retention, as incomplete surveys wad be discarded. It was
decided that a limit of 20 questions would provide su cient atistical power while
not becoming a burden on the participating users. For each ttie 5 target images,
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Figure 7.2: Compositional targets for user survey

4 questions were displayed, each with a matching candidateopuced by using the

relevant target image, and a mismatching candidate which ad one of the other
targets while being produced. The pool of possible candidat both matching and

mismatching, were obtained from theP1_Polar experiment set, generating 30 runs
using K values of 10, 25, or 50 as appropriate for each targdthe P1 Polar experi-

ment set used the P1 tness variant with the inclusion of polacoordinate variables

to the base GP language, which was found to produce reasorelasults for all of the

compositional testing target images. From this pool, a haridl of obvious outliers

were rst Itered out by removing candidate images whose avage intensity was in

the top or bottom 2% of the intensity range (.e. where the average pixel intensity
was below 5, or above 250, on an 8-bit monochrome image). Tlices of matching
and mismatching images, placement of matching image on theeagiionnaire (A or

B), and ordering of questions were all produced using randomumber generation.

A simple user survey was developed in the form of an online gtiennaire, with
hosting provided from the Brock University Department of Corputer Science. The
survey was open to all public participants for a duration ofdur weeks, with letters
of invitation being explicitly sent to the senior students BSc, MSc) of the Brock
University Department of Computer Science and Department dflathematics, as well
as other acquaintances of the authors. All user survey matal$ have been cleared by
the Brock University Research Ethics Board (File# 16-267 ROSSA full printout of
the survey presented to users, along with an additional analis breakdown, has been
included in Appendix C.

7.2 Results & Analysis

Upon closure of the online questionnaire, 36 complete resgersets and 3 incomplete
response sets were captured within the 4 week span. Inconteleesponses were
discarded due to the possible implication of withdrawn paitipation consent, and

also data uniformity. An unexpectedly high success rate wasuiod across the set of
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guestions, with the lowest scoring question having a sucséd match rate of 60%.

We employ both the sign test and Wilcoxon signed-rank test wita pre-determined
con dence level =0:05. The sign test has been used by Walgt al.[65] and Salimi
[66] in similar computer graphic user surveys. The signedsak test can provide
stronger statistical power, but consequently, is more di wlt to satisfy, and assumes
a symmetric distribution[67]. Upon collating the user surwe data, the skew of the
distribution was measured to check if the symmetry assumptn for the signed-rank
test was satis ed. The distribution skew was measured to be 2:225, which may
impact the con dence of the signed-rank test.

However, one can also use the signed-rank test to determinethigni cance of a
distribution skew about a median[68]. In comparing the skewbout the median of

o = 0:5 (random selection), a tailed signed-rank test providesgsii cant reason to
believe that the observed survey results are skewed favobigatoward matching the
tness measure.

Concerning ourselves only with the improvement of succeslsimage matches over
random selection, we consider a right-tailed test when calating sign and signed-
rank. With the assistance of Matlab, and veri cation by [68],we found a signi cance
both through the sign test withp  0:000002, and through the signed-rank test with
p 0:00005, ensuring our required con dence of = 0:05 was met.

A full listing of survey data, along with intermediate analyis breakdowns is dis-
played in Appendix C, Table C.1.

7.3 Conclusion

With 36 participants each answering 20 questions, we have falithat there is a
statistically signi cant match between our selected tnes measure and human com-
positional perception. While we make no claim at this time asotthe feasibility of
the tness measure for all possible target images, we can ghat when used against
basic compositional targets, visually distinct classes ohages can be produced. Our
survey has validated that one of our proposed tness measugrsu ciently assesses
the unique spatial and compositional properties of simpleompositional targets, and
is in-line with human perception with high statistical sigmcance (p  0:00005).



Chapter 8
Artistic Exploration

We have reached the milestone of nding a measure capable abgucing evolved
images with visually similar spatial traits. Further explaation focuses on possible
uses and performance of our measure for the production of kxmnary art. To this
end, we will consider changes to language and colour schewed possible relations
with aesthetics.

We will rst consider enhancements and extensions to our GRaihguage which
may better re ect some of the more full-featured languagessad for evolutionary art
applications. We evaluate some possible multi-objectivelaptations of our measures,
expanding our capabilities from grayscale to coloured textes across multiple colour
schemes. Based on some unanticipated observations in thecoming explorations,
we brie y consider a related measure shown in previously egped work which could
lead to a possible new model of computational aesthetics.

8.1 Language & Representation

While a basic, trigonometric GP language was used for our imad exploration of
tness measures, the application of evolutionary art shodlrequire the inclusion of
more creative language elements, such as noise or other getit operators.

We had also began to suspect, based on observations in ouryiwas P1 experi-
ment, that language restrictions were unduly limiting the pssibilities of our system
to produce visually similar results with our compositionatargets. When reconsider-
ing the initial genre target set (Section 5.1), we expect the ect of these restrictions
to have been further exacerbated. Prior to our validation swey, we had considered
including polar coordinates to our GP language and observednotable improvement
with certain target images containing radial aspects. We Wistep back briey to
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analyse the e ects of these language changes, and check iftfar improvements can
be seen when including additional, more-artistic GP langgg elements.

Moving forward, changes to the GP language will be cumulaiy experiments with
new language operators will also include all language elamgeexplored up to that
point. After the introduction of the polar coordinate variables, most experiments use
a reduced run size of 9, due to the increased run times demaddeom rendering
the increasingly intensive candidate trees. Beyond the red language changes and
reduced run count, remaining parameters remain consistetat those listed in Section
4 (See Table 4.3).

An overview of the experiments found in this section with theisummary tables
and gures is outlined in Table 8.1.

Table 8.1: Overview of Section 8.1 Experimental Variations

Label Measure K Language Tables Figures Notes

P1 P1 Y Polar 8.2 8.2 Basic language with the in-
clusion of polar coordinate
variables

P1 Y Circle 8.3 8.3 All previously mentioned

language elements, plus cir-
cle, grid, and o set opera-
tors

P1 Y Noisy 8.4 8.4,8.5 All previously mentioned
language elements, plus a
variety of noise operators

P1 Y Noisy, X | 8.9, 8.10 All previously mentioned
language elements, except
the X coordinate variable is
explicitly removed

Y Choice of K in these experiments varies per target. Selections are dirted in Table 6.3, and
reiterated within the tables of this section.
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8.1.1 Polar Coordinates

The rst adjustment to our GP language is motivated by the poo performance seen
when using targets which displayed strong radial attribute. Analysis of results from
the previous P1 experiment showed this commonality amongpbor performing tar-
gets, and so the inclusion of polar coordinates was consiggras a means to reduce
the di culty of producing rough, radiant spatial characteristics.

In addition to the standard X and Y coordinate variables, we can compute from
these the polar coordinates of a given position, as seen in g 8.1. By making these
values available as coordinates, we may be more likely to ssendidates with transi-
tions across rotation, and radial fades or contrasts; behiawurs that would be unlikely
to appear without stumbling across trigonometric operat@ and coincidentally re-
producing the polar coordinate transforms. As these are piisely the characteristics
that we are hoping for in the high-error targets, we were hofid that this language
change would resolve the remaining evolutionary di culties.

Figure 8.1: Polar Coordinate System [69]

The point M can be represented by using the pair of distance/radius)(and radial
angle () about the origin. Alternative naming conventions userho( ) and phi( )
respectively.

Examples of candidates evolved using the polar coordinatetshave been seen
previously with Figure 6.6 while preparing the user survey,ra visual inspection of
the di cult targets suggested a strong partial success. Welzserved that the later
Composition 10-12 showed notable improvements, where some issuesgithain with
Composition07-08. When we return to the initial genre target set, Figure 8.shows a
few small but notable changes. With the ower target, we see aatral radiant shape
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Table 8.2: Polar Language Summary Table

\ Power | Phase

Target K Agg. Mean Best Mean Best
Mean 234 040 0.79 0.0
StdDev 0.68 0.81 0.18 0.0
Mean 6.83 000 265 0.0
StdDev 1.05 0.00 048 0.0
Mean 3.27 000 135 0.0
StdDev 1.19 0.00 055 0.0
Mean 6.32 120 212 0.0
StdDev 152 140 0.63 0.1
Mean 845 593 317 1.6
StdDev 156 186 0.75 0.7
Mean 1245 6.80 551 3.1
StdDev 292 321 1.13 0.9
Mean 34.36 30.47 14.31 120
StdDev 326 444 116 1.4
Mean 37.15 32.67 16.35 13.8
StdDev 3.07 474 174 25
Mean 2.79 0.13 1.17 0.0
StdDev 0.78 051 036 0.1
Mean 15.79 950 851 55
StdDev 482 466 289 3.0
Mean 1153 7.40 551 34
StdDev 251 274 108 1.1
Mean 1459 11.20 6.33 4.6
StdDev 185 1.71 091 0.7
Mean 21.80 16.33 11.18 8.4
StdDev 232 283 126 1.1
Mean 16.24 11.78 6.93 4.7
StdDev 1.35 0.83 0.65 0.4
Mean 32.42 28.22 17.35 15.7
Cable Ends %0 Stdpev  1.93 282 089 1.2
Mean 9.87 6.00 391 23

StdDev 0.80 0.71 093 1.0

Composition01 25

Composition02 10

Composition03 10

Composition04 10

Composition05 25

Composition06 10

Composition07 50

Composition08 50

Composition09 25

Composition10 50

Composition1l 25

Composition12 25

Mondrian 50

Van Gogh 50

HI—‘WNU"ICDWNCD(NU"IAPHWWHHO)OQJ(J']O)I—‘I\JCDUOUOWCD

Flower 50




Figure 8.2: Polar Coordinate Language Genre Targets SummaBharts & Examples
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with similar proportion to the ower petals in the target. Wit h the Van Gogh target,
while still rough, we see a rather consistent return to a topody portrait gure. A
few examples appear to be attempting to capture traits resdsting a head.

A summary of all compositional targets usingK = 50 can be found in Appendix B
Table B.1, but as we have found that each target shows impra¥gerformance when
matched to a speci cK value, we will use these speci c target-dependeht values for
Table 8.2 and also for when we compare the upcoming languadmamges. While we
can occasionally see some strong visual indicators that pmmance has improved, we
will also perform various 2-sample t-tests on the populatiomeans between language
adjustments to see if there have been any statistically sipcant changes beyond our
perception. We will note, of course, the unfortunate requament to reduce run size
and the subsequent reduction of statistical power.

While we had observed improvements to the ower and Van Gogh tgets from
the initial genre set, we also see signi cant reductions tdeir phase error scores, with
p < 10 *°, Power error scores did show a statistically signi cant chage, though not
to the same extent, with the ower target giving a slight improvement ( = 0:02), and
the Van Gogh actually having a minor deterioration p = 0:03). With the composi-
tional target set, we had noted strong improvements to Comgsdion_10-12, and this is
re ected statistically as improvements to both tness objetives (p < 0:00001). While
it is unfortunate that the circle grid targets (Composition 07-08) did not substantially
improve, we found that Composition07 actually showed signi cant improvement with
regard to phase errorf < 0:0007). However, there was a substantial amount of error
to overcome, and the improvement | while signi cant | is stil | wanting. Compo-
sition_01, which had performed quite well previously, found a slighout signi cant
improvement. Contrasting our improvements, we can obsenase statistically signi -
cant degradation in performance with Compositior®5 (stripes). While both stripe
targets performed better without the polar coordinates, Gmposition_05 gives a no-
table loss with p < 0:002. This was not altogether unexpected, as the addition of
operators intrinsically tied to rotations is poorly suitedfor the straight stripe targets,
and a slight negative language bias should be considered.

8.1.2 Circle, Grid, & O set

The inclusion of polar coordinate variables has improved selts for certain compo-
sitional targets and some of our initial, genre image target Despite this, we see
that some of the seemingly simple, circular grid targets argtill having di culty re-
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Table 8.3: Circle, Grid, O set Language Summary Table

| Power | Phase
Target K Agg. Mean Best Mean Best
Mean 2251 18.00 944 7.28
StdDev 13.52 16.13 5.94 6.55
1
a

Composition07 50

Mean 2391 17.00 1059 7.4

Composition08 50 StdDev 656 8.46 292 35

producing their basic spatial aspects. Before moving forwhwith the multitude of
noise operators, we will rst give one last attempt at recreting the di cult targets
of Composition07 and Composition08.

To improve the capabilities of our system and give the best psible chance of
success, we will add a set of GP language operators well-sditfor these particular
targets. With inspiration from the Gentropy system by Weins 44], we will include
the circle geometric operator (which returns 1.0 if the current texels within the
provided radius from the origin), along with the coordinateoperators oftile and
shift. The circle operator provides a simpli ed way for the candidate program to
show hard transitions about a radius, and thdile operator provides an easy way
to create arbitrary n  m tilings about a grid. These two operators should allow
Composition 07 to see much more success, where the additioshlft operator (being
able to o set the texel window for its children) should grediy assist in producing the
alternating o set aspects in Composition08.

Figure 8.3: Circle, Grid, O set Language Summary Examples

We try these language changes for the two targetK( = 50), and are pleased
with the results. Figure 8.3 shows a much-improved set of evell candidate tex-
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tures over our previous experiments. We see result categaisplit into approximate
thirds between featureless outliers, rough variations, dnhigh-similarity reproduc-
tions. In addition to the strong visual improvements, when & compare Table 8.3 to
the previous Table 8.2, we see the error for these two targedecreases by 40% in
both objectives. A 2-sample t-test provides at mogb < 0:0001 across objectives and
targets, suggesting fair statistical signi cance when candered with the reduced run
count.

The performance gains seen with these additional languageeoators is another
promising sign for our tness measure, and reinforces the purtance for language
adequacy. As these targets were one of the most di cult categes used in the user
survey, it is unfortunate that these results could not be olatined in time for that
purpose, though we see that survey results were still quitatssfactory.

8.1.3 Noise Generation

As we have now reached satisfactory results with our compasital targets, we will
return our focus to the initial, more-artistic genre targes. To help facilitate our goal
of producing evolutionary art, we will nally end our currert language exploration
with the addition of numerous noise generation operators. diails regarding noise
operators can be found in Section 4.2.1. Here we begin to semiscant increases to
run times.

Composition01 and Compositionll (in Figure 8.4) showed slight improvement
with the addition of the noise operators p < 0.02), as did { surprisingly { Com-
position.02 (p < 0:0002). We suspect that the increased performance with Compo
sition_02 may be due to noise operators having higher likelihood to letroduced
through mutation in the more complex candidate trees. With Cmposition 02 re-
quiring only a simple expression to produce an ideal candigatand with noise being
likely to express power in many non-target coe cient positns, it may be e ectively
adding additional selective pressure against the complearadidates. Composition07-
08 showed marked improvements over their polar counterpartbut no substantial
changes from the previous evaluations withircle and tile operators included (noting
that the previous circle, tile, and shift operators are included in the noisy language
set). The other compositional targets showed either no sigcant improvement, or a
signi cant degradation, when including noise operators itheir language set.

When we return to the results produced for the genre targets (gure 8.5), we
see that the candidate images for the ower target have sulasttially improved. The
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Figure 8.4: Noisy Language Summary Examples; Compositionahifets;K = 50
Mixed results were reported, with statistical analysis sugesting (from top to bottom)
improvement (p < 0:02), degradation ¢ < 0:05), improvement p < 0:02), and no
signi cant changes.



Figure 8.5: Noisy Language Summary Charts & Examples; Genre rgets; K =50
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Table 8.4: Noisy Language Summary Table

| Power | Phase
Target Agg. Mean Best Mean Best
Mondrian Mean 2044 16.11 11.05 9.00
StdDev  1.37 2.03 1.07 1.71
Van Gogh Mean 13.13 9.78 599 452
StdDev 295 342 0.73 0.82
Cable Ends Mean 30.63 26.89 16.34 14.60
StdDev 252 3.37 0.84 1.09
Flower Mean 934 6.11 381 250
StdDev 169 1.36 0.40 0.69

Mondrian and Cable Ends targets at rst glance have few visdali erences from
their noise-less renditions, though a closer investigaticcshows some ner details and
frequencies can be found in what seemed to be plain, empty icggs. The Van Gogh
appears to have captured some of the traits it saw previouslyut has them now
seemingly buried under an emergent busy and noisy layer.

Numerically, the introduction of the noise operators appearto be an improvement
for these targets, with minor but consistent reductions in bth phase and power errors.
However, these changes are not largely reinforced throughyastatistical signi cance.
After the substantial and signi cant changes seen with the wer target when moving
from the base language to the polar coordinate extension, Wwad suspected that the
current visual changes would also warrant similar numeritaigni cance, yet it is
not the case. We then begin to suspect that the current soluths have been able
to trade sharpness for positional details. Solutions usingnly the polar coordinate
language set tend to show stronger contrasts, like the owemd background, where
the current noise-based solutions have weaker contraststlibe bene t of expressing
individual petals. Conceivably, solutions could be biasetdward placing more power
at di erence coe cient positions, yet still maintain simil ar power and phase error
scores. These language biases may work favourably when ipgirthe natural ower
image with noise operators (noted for conveying more natdraesthetics), or perhaps
unfavourably, as seen with the current Van Gogh renditions.

Still, while a little di erent than initially expected, we a re beginning to see traits
and candidates that have come to expect with evolutionary arFigure 8.6 highlights
some of the ner details in a pair of larger renderings from etent experiment for the

ower target.
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Figure 8.6: Produced Image Highlights; Noisy Language; Flower

8.1.4 Coordinate Variable Reduction

One nal language experiment was performed by removing thé¢ coordinate variable
from the language set. It was expected that removing a fundamtal coordinate
variable would result in substantial di culty for our syste m to produce results, and
consequently, high error scores. It is surprising to see thadespite the problems
encountered while lacking the polar coordinate variablethere were few noted changes
to performance. We do see a few small artifacts of this chantfgéough some of the
traits commonly encountered in these resultant images.

With our artistic genre targets, the ower image appears to hee returned to some
of the stronger contrast results seen when using the polarardinate set, and the Van
Gogh may be slightly more abstract and noisy (Figure 8.9). Noatistically signi cant
changes to performance can be found. For the compositionatget set, most targets
performed only slightly better numerically with the incluson of the X coordinate, and
no statistical signi cance was found to favour either langage set. CompositiorD5-
06 (the horizontal stripes) showed a slight improvement wiht the absence of theX
coordinate variable, but not enough to provide statisticasigni cance with a run count
of 9.

When we inspect the evolved textures a little more closely, ¢éne appears to be two
main ways that our system and its textures have adapted to theissing coordinate
variable. Some candidates were able to glean su cient posihal information from the
remaining coordinate variablesyY, ,and . We see this in some of the more circular
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Figure 8.7: Produced Image Highlights; Noisy Language, NO; Flower

Figure 8.8: Produced Image Highlights; Noisy Language, NO; Van Gogh

On the left, we can see a snapshot of the candidate at every 2@ngrations. An
evolutionary strategy has emerged which gradually applidayers and re nes noise
operators. The candidate is viewed atop the target image watpartial transparency
in the bottom left.



Figure 8.9: Noisy Language, NX Summary Charts & Examples; Genre Targetsk = 50
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Figure 8.10: Noisy Language, N&X Summary Examples
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results from the ower target in Figure 8.9, and Compositior01, Composition04,
and Composition09 in Figure 8.10.

An alternative approach appears to largely forgo any directgsitional information
and instead builds upon layering multiple noise operatorsWe see this with the
highlighted ower images in Figure 8.7, and the Van Gogh tardden Figure 8.9. A
particularly notable example of this is explored in Figure 8. Interestingly, we see
this behaviour in the previously di cult circular targets; d espite depending on the
polar coordinates, it would seem that there is still a requament for the basicX
coordinate as well.
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8.2 Colour

While we have seen some success in the production of similaaygcale candidate
images, evolving useful textures often requires considagoa of colour similarity. We

will explore how capable our proposed tness measure can baghwregards to evolving
images with similar colour distribution.

When we consider the concept of frequency analysis for colamages, we often run
into problems trying to capture intensity changes running btween colour channels
[33]. Changes to average luminance cannot capture all calathanges, and spatial
features can be composed across multiple colour channels. afNhconsidering an
alternate colour model like HSL, we may run into issues with \apping artifacts in
the hue channel.

The two main di erentiating techniques we explore will be inusing a separate
objective to reduce colour di erences, and having colour ahnels receive their own
individual objectives for reduction of power spectra erroin their channel.

An overview of the experiments explored in this subsection cde found in Table
8.5.

Table 8.5: Overview of Section 8.2 Experimental Variations

Label Measure K Language Tables Figures Notes

C1 P1 50 Base | 8.12 Measure applied to RGB
channels separately
C2 P1 50 Base | 8.13 Measure applied to RGB
and luminance (YY) channels
separately
P1 50 Noisy | 8.14
P1 50 Noisy, X | 8.15
C3 P1 50 Base | 8.17 Measure applied to HSL
channels separately
C4 P1 50 Base | 8.18 Measure applied to lumi-

nance channel, CHISTQ
comparison used for colour
matching

P1 50 Noisy | 8.19

P1 50 Base | 8.20 CHISTQ wused to guide
levels of graytones in
monochrome textures
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8.2.1 Colour Targets

In performing our experiments with colour, we will use the aginal genre targets,
but will supplement them with additional compositional imayes which have been
adapted to display colour properties. We had seen previoydhat the genre targets
were di cult to reproduce even when limited to grayscale, ad so we suspect that
we may still see di culties in reproducing shape charactestics with these targets.
However, they provide a suitable range of expected colour glibutions for use with
evolutionary art.

We will borrow Composition.01, as it originally was produced with colour experi-
mentation in mind. The additional compositional targets hae been created by taking
variations of the previously seen Compositiaf2-12 and using their intensity map to
determine values for one of the red, green, or blue (RGB) calochannels of a new
target. Figure 8.11 displays the new colour targets along wiita decomposition into
their RGB colour channels. We can see that individually, théarget colour channels
are familiar from our previous grayscale experiments, andalli shown a decent mea-
sure of success in reproducing spatial aspects. The lastgat applies some additional
0 sets to the image in an attempt to slightly increase evolubnary di culty.

Between the original genre targets, and these newly createdlour, compositional
targets, we expect there to be a fair range of di culty for ourcolour experiments
across targets.

8.2.2 Objectives Per Colour Channel

We will continue our exploration using the system describepreviously. As we had
seen language su ciency issues with targets showing radiapatial aspects, we will
include the polar coordinate variables in addition to the bse GP language. We
maintain the selection of K = 50 as it produced suitable, albeit not necessarily
optimal, results for the compositional targets, and was th@referred selection for
the genre targets. To produce colour images, we will evolvaree GP trees per
individual, corresponding to the RGB colour channels. Withhe increased tree count,
and proportional increase in rendering complexity, we wilhaintain our reduced run
count of 9 runs per target.

As our GP system is con gured to construct candidate images ass trees for
separate RGB colour channels, it is expected that these newrgets will display
improved visual results over the more complex genre targetg§/e have seen suitable
evolutions using our system for the grayscale renderingspvirever the expansion to
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Figure 8.11: Colour Target Set
The coloured, compositional targets are seen in the leftmasblumn, followed by their
isolated red, green, and blue colour channels.



CHAPTER 8. ARTISTIC EXPLORATION 124

colour textures will still pose some di culties for these oherwise basic targets. We
cannot expect the same ease as evolving grayscale targessya will see an increase in
potentially con icting tness objectives. We will maintain the same nite population
counts and generation limits as the grayscale experimentshich e ectively gives us
a harder problem with the same amount of resources. We will k&t brie y discuss
results using an extended generation count.

Colour Channels: RGB

Our rst expansion to colour textures will be to apply our bes found all-purpose
measure (P1) to each colour channel individually. Where a grscale texture had two
objectives (power and phase), our 3-channel (RGB) colour age willuse 2 3 =6
objectives. Each channel will be evaluated similarly to a parate grayscale texture.

We expect that any di erences between target and candidateniages in a given
colour channel will manifest as di erent, unexpected colauartifacts at that position.
In the general case, colour dissimilarities between targahd candidate will suggest an
amount of error. However, grayscale evolutions that were csidered successful have
often seen similar, but still notedly di erent, spatial conposition; exacerbated further
with creative and novel reproductions. Therein, this may be potential limitation of
these channel-independent approaches.

The results in Figure 8.12 show some promise with our new coted compo-
sitional targets. With Composition.01, we see that the large black section in the
top-left corner { a feature common to all of its colour channs { is consistently re-
produced. Although the colour channels for this target appeaather similar with
only minor variation, it would seem that the green channel, &ving a more uniform
intensity level, was favoured over the others. We can see $pof green appear in
most of the candidates as per the target image, though redsdablues ended up being
less constrained, as indicated by the frequent occurrenckragenta in the evolved
candidates.

The remaining compositional images performed to our posigwexpectations. The
performance of each colour channel appears to roughly codewith the amount of
di culty seen when evolved as separate grayscale texturesOne interesting obser-
vation is in the sacri ce of power error when evolving for Coposition_15. Despite
having an identical blue channel target as its predecessoo@position 14, we see ele-
vated blue channel power error which seems to be exchangeddaeduction of green
channel power error. This might suggest that the green chaahis more volatile; hav-
ing a wider range of results amongst the candidates to morer@ngly in uence the



Figure 8.12: Experiment C1 Summary Charts & Examples
Power and phase errors for each of the red, green, and blueocwichannels are plotted with their respective colour. Powesrror
is denoted with solid lines, where phase error uses a dashiee |
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sum-of-ranks tness. The charting for Compositiorl5 also shows an increased di -
culty in reproducing the red channel phase, which is expedealue to the additional
o set placed in the red channel of the target. With the Composion_14 green chan-
nel performance being somewhat poor in contrast to its monowome experiments,
we can also conclude that attempting to satisfy an increasedimber of objectives is
increasing di culty for objectives which could be satis edin isolation.

When we examine the more complex genre targets, we see resultmse spatial
features are not dissimilar from the monochrome experimentThese features are not
quite optimal, and we had suspected that the targets would bmore di cult, but they
show similar rough attributes as before. Additionally, we bgin to see some colour
similarities in a few of the targets. The Mondrian and Cable &ds targets do not show
any colour similarities with su cient consistency to make any conclusions. The Van
Gogh, with predominantly blue/cyan shades, has similar cour distributions in its
evolved candidates. The ower target also produces candigs with proportions of
green and pink/white. This control of colour through relatve proportion and overlay
of RGB channels, while basic and limited, appears to have sgss with certain targets.

Colour Channels: Y+RGB

In an attempt to further constrain the overall composition @ the image, and to cap-
ture some spatial information lost by considering colour @mnels in isolation, our
next experiment will include additional objectives to guié the power and phase sim-
ilarity of the average luminance of the evolved colour cardfte. It is hoped that by
including these additional objectives, attempts to sacrice any individual colour chan-
nel objective will incur further penalties from overall luninance degradation. This
scheme will e ectively operate on 4 colour channels, requig a total of 8 objectives
in our sum-of-ranks tness approach.

Y =0:29R +0:587G +0:1148 (8.1)

The conversion from colour (RGB) to grayscale (Y) will be pedrmed using NTSC
(CCIR 601) luminance, outlined in Equation 8.1. This proviés a close approxima-
tion of colorimetric luminance from the non-linear, gamma arrected RGB values.
However, due to this weighting, we consider that there mighté slight bias toward
improving error for the more heavily weighted components.

The inclusion of the additional luminance channel appearsthave slightly im-
proved the shape characteristics of the evolved candidaiésit we see worsened colour



Figure 8.13: Experiment C2 Summary Charts & Examples

Power and phase errors for each of the red, green, and blueotwlchannels are plotted with their respective colour. Erms
considered across the average luminance have been plottedbliack. Power error is denoted with solid lines, where phaseror
uses a dashed line.
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similarity across the more complex targets. From the charig in Figure 8.13, we
see similar sacri ces being made to the blue channel poweraron target Com-
position_15. For Composition14-15, the green channel, while still worse than when
evolved in monochrome, sees some slight improvements. Casifion_13 sees an
overall improvement to shape, where Compositio@1 remains consistent. We see the
Van Gogh and ower targets having marginally improved spa#l composition, but all
genre targets appear much rougher in colour distribution.

While we had hoped that the inclusion of a luminance channel wia reduce
the occurrence of sacri ce of individual colour objectiveswe occasionally see the
opposite. There is now further pressure to sacri ce an objiee if its channel is
not contributing positively to the compositional shape as rewed through the lens of
averaged luminance.

As we had seen improvement in some targets by expanding the Géhguage,
and as our additional luminance channel objectives appear more heavily constrain
shape, we will explore these language changes with the cutréness scheme to see
if reduced di culty if matching shape will improve colour distribution.

In Figure 8.14, we can see the results of including the previly described noise
operators. Largely, colour distributions do not appear to &ive improved. We see
our basic compositional targets appear to have visually raded similarity, though
Composition 13 is certainly far from lacking creativity. The Van Gogh taget appears
to have changed, though it is not immediately clear if it is fothe worse or better.
Notably, we see an improvement to shape with the ower targetincluding some
rather novel specimens. Colour appears to have improvedgsiily, which is re ected
in the terminal scores for the best found individuals per run

To complete our exploration with language variations in tts tness approach,
we lastly reconsider removing theX coordinate variable from our language, to bias
candidates toward using noise operators. We had previouslgen some improvements
with certain targets using this approach, so we will considét for completeness.

The unfortunate results of this approach, as seen in Figurel®, is that most tar-
gets exhibited reduced performance in both shape and coldaistribution. The noted
exception being the ower target, which, already nding impoved candidates using
noise, performed similarly to the previous language set. €hMondrian target also
saw a marginal improvement to the overall luminance scoresnd evolved candidates
were more likely to display variations across the verticabas, though appearances are
still very rough approximations to the target.

In an attempt to reduce time constraints from limiting the peformance of the



Figure 8.14: Experiment C2 Summary Charts & Examples; Noise hguage
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Figure 8.14: Experiment C2 Summary Charts & Examples; Noise hguage
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Figure 8.15: Experiment C2 Summary Charts & Examples; Noise, N6
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Figure 8.15: Experiment C2 Summary Charts & Examples; Noise, N6
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produced results, we have attempted some additional experentation using an ex-
tended GP generation limit of 200. In cursory results, a mangal change to scores
was observed where sacri ced objectives were exacerbated ano particular visual

changes were noticed. It would seem that candidates had ady converged toward
particular areas of the search space by that time.

While overall colour distribution could be improved, we did se increased per-
formance when targets held colour channels which could beplieated as grayscale
targets individually. As our GP system is constructing its cadidates along these
same RGB colour channels, this is not an unexpected ndingposmuch as a mat-
ter of su ciency. While considering these limitations, we wee still able to replicate
shape and colour for a number of targets, and were able to ptox some novel { if
rough { variations of the targets. Some highlights have beeshown in Figure 8.16.

Colour Channels: HSL

From the previous experiment, we saw that using luminance massist in replicating
shape characteristics while guiding evolution in colour iages. We also hypothesized
and observed that unexpected colours could appear where thevere incongruities
between candidate and target in even one colour channel. In attempt to capture
changes in perceived colour without these contrasting afdicts, we consider using
a di erent colour channels, such as hue, saturation, and Igness (HSL). Our pro-
duction of the candidate images will remain the same, revany back to our basic
GP language with polar coordinates added. However, insteaflfrocessing the RGB
channel values with our power spectra measures, we will rstonvert our colour
channels into the HSL colour space.

Unfortunately, it would appear that using our tness measureon HSL channels
provides a substantial degradation in visual performance=rom Figure 8.17, we can
see that many targets have poor spatial similarity, and alngt all fail in obtaining
matching colour distributions. Many of the targets which pgorm well numerically
still show very rough visual performance. Some interestirapbservations can be made
from Composition 13, Composition15, and the ower target. For these targets, we see
some reasonable, though rough, spatial similarities, androparatively low numerical
error. Notable, is that these shapes emerge without being atrained to the original
RGB channels of the target, and that the colours of these shap are actually quite
di erent. We would expect alignment of the correct hue to be étermined by hue
phase measures. Shapes emerging with incorrect hue may tlsaiggest that further
pressure and accuracy will be required with regards to phase this channel, and
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Figure 8.16: Experiment C2 Highlights

(a) Experiment C2; Composition_13; Noise language

(b) Experiment C2; Flower; Noise language

(c) Experiment C2; Flower; Noise language, naX

136



Figure 8.17: Experiment C3 Summary Charts & Examples
Power and phase errors for each of the hue, saturation, andriinance colour channels are plotted using cyan, magenta,can
black respectively. Power error is denoted with solid linesvhere phase error uses a dashed line.

NOILVHOTdX3 JILSI1dV '8 431dVHO

LET



Figure 8.17: Experiment C3 Summary Charts & Examples
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that an adjustment to the P1 tness scheme may be needed if weeato pursue this
approach to colour.

Potentially, the disparity between constructing images aoss RGB channels and
evaluating them using HSL could be creating an extra amount afi culty for the
system when guiding image evolution. Small changes to a dm@P tree, while only
changing a single RGB colour channel, may be creating wideage changes to the
evaluated HSL representations. Reproductive operations dhe GP trees may then
be seen as overly destructive, and the system shows di cultyn guiding candidates.

8.2.3 Separating Shape & Colour

We see success with certain targets when using the previousess measures on the
isolated colour channels, but there is an obvious alternaspproach to guiding similar

colour distributions: using separate colour and shape olosjeves. To capture shape,
we will use the existing P1 tness measure across the graykcduminance channel

as discussed in experiment C2. To capture and guide coloure wvill consider the

CHISTQ measure as proposed by QBIC Project [57].

There are numerous measures for colour similarity which haxseen use in search
and retrieval systems, though the CHISTQ measure, a histogradi erence weighted
by colour similarity, has also previously shown promise wit evolutionary texture
systems [44][70]. The CHISTQ measure rst nds the di erence between each of
the target and candidate histogram bins. Each bin di erenceés then factored with
every other bin di erence and a similarity measure, all sumed together to form the
histogram distance weighted by colour similarity. The goails to provide a measure
of histogram similarity which is able to account for perceptal distance between dif-
ferences in pairs of quantized colours. This is more formallle ned in Equation 8.2
[57].

CHISTQ = 2TAZ (8.2)
A(i;j)=1 d(G;G)=Cnax (8.3)

After quantizing both target and candidate images into suitble bins, we can produce
the normalized element by element di erence (or bin di ereoe) Z. We will have A
denote a normalized, symmetric colour similarity matrix, a de ned by Equation 8.3.
Results from the QBIC Project found MTM and LUV colour distane to perform well
for their retrieval system, though we will adopt a simple eddean distance in RGB
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colour spaced, as used by [70]. We will also follow with their choice of binmg to 3
bits per colour channel.

In experiments using both the polar coordinate language sednd its expansion
to noise operators, the C4 experiments using the CHISTQ objee produce results
with spatial attributes similar to their C2 experiment courterparts. In Figures 8.18
and 8.19, we see familiar compositional reproductions, arsiimilar properties with
the replicated genre targets. When we render the evolved caddtes into a grayscale
representation, we nd that there are the same style of spati properties, and similar
performance for the genre targets as when evolving grayssahndidates.

Composition.13-15 have candidates which show some colour properties coon
to their targets, and proportional lower error scores in th€HISTQ objective. Many
of the other targets have dissimilar colour distributions ad higher CHISTQ errors.
It appears that, while the CHISTQ objective converges when masured through the
population mean, the best found individuals routinely ignee the measure to ac-
commodate the other two semi-dependant spatial objectivedt is possible that for
Composition 13-15, produced with simpler compositions in each colouraiimel, guid-
ing the evolutionary search space toward spatial matchessal worked favourably for
colour similarity. Conversely, the more complex targets widd need further incen-
tive to yield spatial traits for colour, possibly consideng adjusted weighting between
sum-of-ranks objectives.

As an interesting aside, we found that the CHISTQ measure als@th a notable
in uence on the more complex, grayscale compositional tagts. In Figure 8.20, we
note that the addition of the CHISTQ objective has led to graysale candidates which
have a more similar proportion of intensity levels, with oyl minor loss of spatial
similarity.



Figure 8.18: Experiment C4 Summary Charts & Examples

Keeping in-line with the previous recent gures, power and lpase errors for across the average luminance have been gldtin
black. Power error is denoted with solid lines, where phase@ uses a dashed line. The CHISTQ error measure is plotted in
magenta along the phase axes, scaled by a power of 10 to maimta reasonable graph window. Grayscale interpretations of
evolved candidates are shown beneath their colour rendiis.
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Figure 8.18: Experiment C4 Summary Charts & Examples
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Figure 8.19: Experiment C4 Summary Charts & Examples; Noise hguage
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Figure 8.19: Experiment C4 Summary Charts & Examples; Noise hguage
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Figure 8.20: Experiment C4 Grayscale Compositional Summagharts & Examples

NOILVHOTdX3 JILSI1dV '8 431dVHO

14!



CHAPTER 8. ARTISTIC EXPLORATION 146

8.3 Spatial Frequencies & Comfort

In the course of evolving the many candidate images with eatérget and experiment
set, we identi ed a number of evolved images which we beliedésplayed unpleasant
or uncomfortable spatial aspects. Previous research froredRandez and Wilkins [41]
found correlations between intensity level contrasts at dain spatial frequencies with
increased levels of discomfort.

To further discuss the ndings of Fernandez and Wilkins, we rezl to adjust some
of our terminology. The concept of spatial frequency denae cyclical nature across
a measured space, such as the re-occurrence of Gabor andiggapeaks along the
width of an image. Our study is predicated over power coe ciet positions directly
relating to these spatial frequencies. While we have foundegt utility in comparing
spatial frequencies relative to image width, human perceph requires consideration
of an observers eld of view. To better capture this, we can escalculations of visual
angle { when paired with known viewing distance and image &€Z to compute a
relative measure of angular spatial frequency.

Figure 8.21: Calculation of Spatial Frequency

S
V=2 t — 8.4
arctan D (8.4)

With spatial frequencies known in terms of fractional image Mth, we can use Equa-
tion 8.4 to interpolate their corresponding visual angl&/ when observed with sizé&
at a distance ofD.

Returning to Fernandez and Wilkins, their study observed thiaimages with in-
creased amplitudes at a few octaves around 3 cycles per visdegree corresponded
with higher reports of image discomfort. We have explored merous schemes in the
previous sections to constrain and obtain speci ¢ spatiatéquencies of a target image
in our newly evolved candidates. With a direct relation betwen relative visual degree
and absolute image spatial frequencies, we hold high hopésitt these ndings may
be combined to the e ect of a new aesthetic model.
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Figure 8.22: Jesmond Barn by Debbie Ayles 2003, with inspiration from a basilar
artery migraine. Additional images can be found at the artiss website:
http://www :debbieaylesartist :co:uk/varicolour

If we are to accept that certain angular spatial frequenciesan produce discomfort,
then it should follow that the same image can be more or lessepkant depending on
its size or distance when viewed. To this end, we can see a nianbf example images
which appear to display these properties. One interestingc@mple is seen in Figure
8.22, where an observation made at a distance may more easdyeal details than
when examined up close (though these details once again bamce some distance
threshold is exceeded). From afar, we may more readily obgerthe creativity of the
piece and can identify parts of the painted structure. Conveely, we have received a
number of anecdotes suggesting visual strain or discomfevhen viewed more closely.
This phenomenon is by no means limited to this individual pee. Some images we
have found in the course of our experimentation which were teal for displaying
uncomfortable aspects have been highlighted in Figure 8.2Begized to t in this
report and to reduce discomfort).

It has been theorized (inspatial frequency theory that the human visual cortex
operates through analysis of light receptor spatial frequeies [38][39]. With support-
ing works nding sensitivity in animals to certain spatial frequency ranges [54][71],
it is not surprising to think that humans may also be more serisve to contrasts at
certain spatial frequencies. As seen through the previous age examples, we can
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Figure 8.23: Evolved Images With Uncomfortable Spatial Propges

Selection of images with uncomfortable aspects was perfadwith images sized to
12" side lengths at a viewing distance of 24". (Identical angar spatial frequencies
can be obtained when this page is viewed at a distance of 4.1tHpugh we suspect
that the eye strain induced from close proximity viewing wil cause further undue
discomfort.)

(@) (b)

(©) (d)
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corroborate that intensity contrasts at certain visual freguencies are uncomfortable;
seen as discordant and at times even painful.

As angular spatial frequencies require a de ned image sizecaglistance, we should
consider how these could a ect our analysis. We have used ansistent image size
of 12", at a viewing distances of 24"-32", which was chosen tmirror our o ce
con guration. With increased image size producing the invee e ects of increased
viewing distance, we can extrapolate results and limit ourxamination to changing
the latter. In Figure 8.24, we examine an image that was immeately noted for
uncomfortable aspects, and explore how small changes inwigistance can o set
which angular spatial frequencies have high power. As we migéxpect, an increase
in view distance (or decrease in image size) shifts power taetlower angular spatial
frequencies, and a decrease in view distance (or increasénmiage size) aligns power
with the higher angular spatial frequencies.

At our initial observation distances of 24"-32", the noted nark for 3.0 cycles/degree
aligns closely to a pair of more highly powered frequency rges. Minor changes to
viewing distance leave these elevated ranges as still rmiyside the \3:0 2 octaves”
suggestion. When we alter the viewing distance to 50", and norger observe the
same visual strain as before, we unfortunately still note thpresence of the highly
powered frequency ranges within an octave of 3.0 cycles/deg. Conceivably, the
image may still be displaying less desirable angular spdtifiequencies, though not
to the extent of noted discomfort. Nonetheless, it may be nesgary to further re ne
the prioritized frequency ranges.

When we consider some additional image samples noted for thdiscomfort, we at
times nd a lack of elevated frequency ranges shown throughe radial average, such
as the examples in Figure 8.25. We were also surprised to ndatour prototypical
example, extolled by Fernandez and Wilkins' paper [41], sheva similar lack of ele-
vated power around their proposed frequency ranges (Figure28). Noting the same
concerns of excessive abstraction that were made during maswe tness schemes, we
consider an alternate approach to the radial average whichight better capture the
observed contrasts in the image. When we extract the maximunrer found amongst
the radial bins, instead of the average, we can nd some sligyrstronger frequencies
near the targeted 3.0 cycles/degree, though it is not as cleé those are indeed the
responsible frequencies.

With these ndings, a couple of foreseen limitations can be oeidered. The rst,
and least negotiable concern, holds that viewing size andstince must be considered
before evolution. While minor adjustments can be made withd¢unducing sudden un-
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Figure 8.24: Angular Spatial Frequency Analysis - Distance Viations

At the top left we have the analysed image, beneath which is éir power spectra
coe cients display, and radially averaged power spectra. fie top right graph plots

power of the absolute spatial frequencies relative to imagedth, below which are the

spatial frequencies calculated relative to visual angle &arious viewing distances. As
recommended by Fernandez and Wilkins, octaves about 3 cydtesyree have been
marked.
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Figure 8.25: Angular Spatial Frequency Analysis: Various
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Figure 8.26: Angular Spatial Frequency Analysis: Jesmond Barn

(a) Mapping Across Radially Averaged Power Spectra

(b) Mapping Across Radially Maximized Power Spectra
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pleasant e ects in the image, adapting the newly created ingges for purposes outside
their considered intent may display unforeseen, less dedite traits. An immediately
conceived use case may be with user tness schemes in evohairy art systems.
With interactive or hybrid tness depending on user-evaluatd thumbnails, large in-
congruities may appear between the rated thumbnails and fedize renderings.

An additional reservation may be found when considering symesis of smaller
images. As we decrease image size, we will see the 3.0 cyctegkk mark shift toward
the lower frequencies within an image. As we have seen that figelower frequencies
typically hold higher power, an attempt to reduce power in tese frequencies for the
goal of aesthetics may provide its own unexplored bias in trsearch space. We have
seen that attempting to change the lower frequency comportenn a image provides
heavy-handed guidance which may greatly change the compimsi of the images, and
negatively a ect other objectives if not considered carefiy.

The last concern is the most critical, but the one we are now rabcapable of
identifying and accommodating. A nawe reduction to powemithin a range of fre-
guencies can alter an image to something unrecognisable. Wave seen that core
compositional information can be stored in 50 or so positisnas witnessed with our
experiments in choice for truncation sizeK. We can easily expect some of these
critical frequencies to lay within the \3:0 two octaves" range identi ed, and so a
blanket frequency reduction should expect poor results vtspatial similarity. If no
other spatial attributes are sought in the evolved imageshts penalty for power in the
3.0 angular spatial frequency range could provide a novelstleetic measure for ex-
ploration, but some re nements will be needed otherwise. frovided a target power
spectra, we might propose an aesthetic objective which péizas a surplus of power
in these frequency ranges. From our observations above, wight also suggest a dis-
tribution of weights to provide harsher penalties when cles to the 3.0 cycles/degree
mark.

Despite a number of concerns having been identi ed, our exphtion with power
spectra tness measures has given us a tool to resolve soméheim. We also suspect
that beyond the correlation with discomfort and the given agular spatial frequency
ranges, there may be a need to consider interactions with tiphase of these frequen-
cies and their harmonics. We hold high hopes that, with furter exploration in the
future, novel aesthetic models can be developed from thesadings.



Chapter 9

Conclusion

9.1 Summary

With our background and literature review, compounded with or experimental anal-
ysis, we have increased our familiarity with how power speetrelates to the original
image spatial attributes.

Our initial, nasve approach of using various power spectrabstractions for guid-
ance was found to be either inadequate, or intractable. Whildvése measures such as
the radially averaged power spectra or its regressions mag Buitable for providing
discrimination during retrieval or classi cation, they caanot provide su cient guid-
ance for evolutionary texture synthesis. We nd that these pproaches allow evolution
to quickly and prematurely converge on very basic gradients shapes.

In attempting to reduce and direct evolutionary pressuresywe con rm that the
visually salient compositional aspects of an image can betmxcted from a small
number of power and phase coe cient positions. Speci callywe nd that the target-
dependent count of coe cients performs well at 10 K 150, with K =50 perform-
ing well for many targets. Optimizations incorporating power spectra symmetry may
nd good results with K halved. Experimentation con rms that prioritizing more
highly powered frequencies gives a useful method for feauextraction. The trun-
cation and quantization approach suggested by Jacobs et ad5] shows good utility
when adapted for Fourier analysis in an evolutionary applation.

Certain targets (such as the Mondrian painting) favoured th more precise, non-
quantized error, where others found di culty in receiving siitable evolutionary guid-
ance unless relaxing error to a count of matching, top-ranélepositions. In addi-
tion, we found that although certain targets were less depdent on precise phase
alignment, most targets could become unrecognisable witltcconsideration of phase.

154
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The precise method of incorporating phase for evolutionaryuidance can be target-
dependent, and generally di cult.

We recommend the measures employed for experiment P1 (Sewt6.3) as a suit-
able general-purpose compositional guide, which perforchevell amongst most com-
positional and genre targets. Suitable guidance to power wdound through the
truncated, quantized error approach, e ectively minimizng the mismatched posi-
tions between target and candidate for the highest poweredefjuencies. The more
successful pairing of phase information measured phaseoemnweighted linearly with
respect to the position's rank amongst the other tofK coe cients.

Our user survey validates that our general-purpose comptisnal spatial measure
can reproduce images from a target which share visually distt spatial similarities.
We found a statistically signi cant match between our selded tness measure and
human perception when evaluated amongst the class of basampositional images.
Performance in other target image genres can be improved, camve begin to see
increased performance when GP language operators are atgdsfor the target.

Where our tness measures are capable of providing spatialigance during evo-
lution, language bias and su ciency cannot be overlooked. Adstments to GP lan-
guage and evolution scheme can strongly in uence the candigs explored within the
evolutionary search space. Minor language adjustments caase or increase di culty
and tractability for certain spatial traits, image genre, ® compaosition.

When adapting our general-purpose tness measure for synsis of colour im-
ages, we see an increased di culty occurring from exacerhat troubles of language
su ciency. Using power and phase measures along the isolatedlour channels, we
saw success with target images where the intensity maps otkeaolour channel could
have been reproduced as a grayscale target. When incorpongtia separate colour
distribution objective, such as CHISTQ, we nd objective weghting and language
considerations are required to prevent shape and colour dance working in mutual
exclusion.

Having identi ed and analysed a number of less pleasing imagproduced by our
system, our exploration corroborates the ndings of Fernatez and Wilkins [41] that
certain angular spatial frequencies can be linked to discdont. Despite a number of
concerns having been identi ed in encoding the phenomenortaran aesthetic model,
our exploration with power spectra tness measures has givaus a tool to resolve
some of them. We expect that novel aesthetic models may be d®ped from these
ndings in the future.
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9.2 Future Work

In addition to the ndings concluded in this report, a large umber of avenues remain
available for further study. Our guided exploration, whileextensive, is by no means
exhaustive. A number of alternative approaches and extensis were identi ed but
could not be fully examined, and numerous insights were foed in the analysis of
our latter experiments.

The initial exploration with combining both power and phasemeasures has re-
sulted in phase error being scaled by the signi cance of itelated power coe cient.
In developing a multi-objective measure to capture spati@haracteristics, the (scaled)
weighting between power and phase coe cients has remaineddely even. Further
re ning these weights, particularly in regards to the multiobjective schemes, could
bene t from further exploration. The addition of colour meaures has shown that
phase or power objectives may be sacri ced for colour at a gter scale than ex-
pected. Being able to properly tie the phase and power objeas together through
scaling or other approaches may be needed to more e ectivehtegrate additional
objectives, such as for colour or other aesthetic measur&®r possible improvements
in producing coloured images, we would propose further styavith objective weight-
ing. With the Y+RGB approach in experiment C2, we question if agustment to
weighting for luminance channel objectives could re ne th&rade-o between shape
and colour. Likewise with CHISTQ in experiment C4, it may be iteresting to see if
heavier CHISTQ weighting and extended generation limits céadi guide candidates to
those with improved colour traits.

Another tool identi ed to resolve some of the issues regardjnFourier deconstruc-
tion with colour channels was the recently proposed Quateon Fourier Transform
(QFT) [34], which has seen use with colour image analysis. Wilve had hoped to
further explore this measure during this research, we haduiod ourselves unable to
give adequate attention to this extended measure, focusingstead on adjustments to
the canonical Discrete Fourier Transform. The QFT has shownrpmise in capturing
similar spatial information while overcoming the limitations we observed with colour
channel artifacts. We are hopeful that future studies can @kore its adaptation for
evolving colour image composition, and providing the att¢ion deserved.

An intermediate approach for colour, between independent ((8B) colour chan-
nel analysis and the previously mentioned Quaternion Foui Transform, was the
frequency analysis of the image across alternative colowhemes. We had seen cer-
tain target perform well when evolved and evaluated using RE&colour channels, but
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perform poorly when evaluated using HSL. We suspect that caih targets may see
further success when evolved using GP trees mapped to altatie colour channels,
such as the mentioned HSL, or YEC,. Examining these e ects with other colour
channels, and perhaps identifying optimal colour schemeaded on the target image,
could be an interesting approach for further research.

While we explored the e ectiveness of our measures along agiantarget for a
subset of the possible identi ed genres, a focussed expkiwa into each genre could
be conducted to evaluate particular e ectiveness. We havesen that GP language
and windowing can substantially bias how the results are gied through the search
space, and the images produced. However, even across visusillyilar images, the
regularity of the image pattern did not appear to substantifly a ect results (visually
or statistically) for simple compositional recreations. Are nement based on these
distinctions may show better performance.

Further, each genre may see bene ts from domain-speci ¢ GRnguage adjust-
ments and particular re nements away from our general-pumpse tness measures.
The language used for our exploration was very simple and algraic, which leant
itself to producing images similar to our compositional tagets, but found di culty
in producing the more complex genre targets. The introduan of noise and polar
coordinate variables provided a de nite bias to the searctpace, and optimized per-
formance with certain targets. If we are interested in impnang similarity with the
genre targets, then a more expansive and artistic languageaynbe required. Many
of the artistic GP systems explored in the literature o er irsights into additional op-
erators and grammars that could be used to this end. We wouldelmost interested
in seeing results attempted with more strongly typed, conlational languages like
those shown by Reynolds[72], amongst others.

Prior to settling on our general-purpose tness measure fno experiment P1, we
had observed that certain targets showed improved performee with quantized power
error measures, where others showed improvement withoutaptization. Despite the
guantized power measures giving comparatively lax guida@ the initial generations
(to positive e ect), it may be interesting to return to the full and speci c error measure
after the search space has begun to converge to candidatethveipproximate shape.
Adjusting the tness measure to this end after a number of gemnations, or after a
certain performance threshold is met, could conceivably gride further re nement to
targets which previously performed well using non-quan&z power error. We could
also nd interest in adopting an island model GP approach wit populations taking
di erent truncation and quantization schemes for both poweand phase.
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One factor largely ignored through our exploration was these of various windows
and their subsequent e ects on key coe cient extraction. Whie some trials have been
done prior to experimentation, the absence of any windowingn images executed
before processing was a decision made to keep in line withstixig research found in
our literature review. This, however, could still be an ovesight persisted from early
research, and is itself contradicted from other papers on m@egular signal processing.
The e ectiveness of our measures could bene t from furthertiedy with windowing.

Symmetry presents an existing aesthetic model which has sesuccessful use in
texture synthesis [47]. While not as complete as other methe@f measuring symme-
try, an analysis of phase angles in powerful coe cient posiins can possibly capture
mirror symmetries about the origin, as well as tiling aspest With certain art gen-
res and cultures centred about this aesthetic model [73], wer spectra analysis may
assist in guiding composition subject to these constraintand warrants further in-
vestigation.

Existing work with wavelet analysis had given large inspition to a number of
our measures' approaches. Abandoning the spatial locality the wavelet coe cients
for the precision of the Fourier amplitudes has provided usmeasure of overall com-
positional similarity, but can be limiting when trying to capture speci c subregions
of an image. Further comparison between the individual stngths of Fourier and
wavelet analysis should be explored in the context of evolahary texture synthe-
sis. We question if a hybrid model, using measures from bothavelet and Fourier
decompositions, could permit evolutions with tunable amaus of compositional and
feature replication.

Lastly, we strongly recommend further examination of the utomfortable image
frequencies identi ed by Fernandez and Wilkins [41]. We havmade a cursory ex-
amination of the phenomenon in Section 8.3, and formed progads and hypotheses
based on our previous observations with using power spectnaeasures for evolu-
tionary guidance. However, there are still doubtless many fiilner considerations,
re nements, and experiments to be addressed before the ploamenon can be en-
coded into a useful aesthetic model. We hope to have providadditional resources
and encouragement toward its construction, and eagerly awéhe results of continued
research.
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Appendix A

Target Analysis

Below, in each of the rst (leftmost) columns, we have the vaous targets used in
our explorations showed with their respective 2D Fourier @@mposition power coef-
cients. We then consider isolating the topK coe cients of the target, and recon-
structing the image using only those coe cients.

The second column shows the locations of the isolated coestits. The third col-
umn shows the isolated coe cients in red and overlayed to btdr show their place-
ments in the full power decomposition grid. The fourth colum uses the inverse
Fourier transform to reconstruct an image using only the magtude and phase of the
K isolated coe cient positions. The fth and sixth columns reconstruct an image
similar to the fourth column, but using a constant zero phasealue, or random phase
values respectively.

The randomized phase values persist across all value&ofor a given target image
in the below illustrations.

167



APPENDIX A. TARGET ANALYSIS 168

Figure A.1: Target image analysis with FFT decompositions and censtructions

(a) Abstract Painting - Mondrian
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(b) Portrait Painting - Van Gogh
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(c) Texture Photo - Cable Cross-Section
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(d) Object Photo - Flower
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(e) Composition 01
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(f) Composition 02
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(g) Composition 03
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(h) Composition 04
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(i) Composition 05
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() Composition 06
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(k) Composition 07
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() Composition 08
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(m) Composition 09
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(n) Composition 10
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(o) Composition 11
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(p) Composition 12
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Extended Results Data
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Figure B.1: Experiment J3 Compositional Summary Charts & Examles; K = 10
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Figure B.1: Experiment J3 Compositional Summary Charts & Examles; K = 10
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Figure B.1: Experiment J3 Compositional Summary Charts & Examles; K = 10
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Figure B.2: Experiment K3 Compositional Summary Charts & Exmples;K =10
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Figure B.2: Experiment K3 Compositional Summary Charts & Exmples;K =10
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Figure B.2: Experiment K3 Compositional Summary Charts & Exmples;K =10
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Figure B.3: Experiment P1 Compositional Summary Charts & Exaples;K =10
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Figure B.3: Experiment P1 Compositional Summary Charts & Exaples;K =10
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Figure B.3: Experiment P1 Compositional Summary Charts & Exaples;K =10
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Figure B.4: Experiment P1 Compositional Summary Charts & Exaples;K =25
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Figure B.4: Experiment P1 Compositional Summary Charts & Exaples;K =25
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Figure B.4: Experiment P1 Compositional Summary Charts & Exaples;K =25

V1iva S11NS3d dIAN3ILX3 "9 XIdN3IddV

96T



Figure B.5: Polar Coordinate Language Summary Charts & Exangs; K = 10
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Figure B.5: Polar Coordinate Language Summary Charts & Exangs; K = 10
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Figure B.5: Polar Coordinate Language Summary Charts & Exangs; K = 10
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Figure B.6: Polar Coordinate Language Summary Charts & Exangs; K =25

V1iva S11NS3d dIAN3ILX3 "9 XIdN3IddV

00¢



Figure B.6: Polar Coordinate Language Summary Charts & Exangs; K =25
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Figure B.6: Polar Coordinate Language Summary Charts & Exangs; K =25
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Figure B.7: Polar Coordinate Language Summary Charts & Exangs; K =50
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Figure B.7: Polar Coordinate Language Summary Charts & Exangs; K =50
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Figure B.7: Polar Coordinate Language Summary Charts & Exangs; K =50
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Table B.1: Polar Language Summary TableK = 50

| Power | Phase
Target Agg. Mean Best Mean Best
Mean 1098 7.80 294 148
StdDev  1.15 1.37 042 0.29
Mean 6.83 0.00 265 0.00
StdDev 1.05 0.00 0.48 0.00
Mean 3.27 0.00 1.35 0.00
StdDev  1.19 0.00 0.55 0.00
Mean 6.32 120 212 0.08
StdDev 152 140 0.63 0.12
3
o
5
0
9
0

Composition 01

Composition 02

Composition 03

Composition 04

Mean 954 433 484 24
StdDev 216 248 092 1.0
Mean 1245 6.80 551 31
StdDev 292 321 113 0.9
Mean 34.36 30.47 1431 12(
StdDev 3.26 444 116 14
Mean 37.15 32.67 16.35 13.81

Composition 05

Composition 06

Composition 07

Composition08  oihey, 307 474 174 2501
Compositiongo Mean 666 150 265 013
StdDev 1.33 086 077 0.10
Composiion1o Mean 1579 950 851 551
StdDev 4.82 4.66 2.89 3.04
Composition11 Mean 2107 1597 1079 8.6
StdDev 214 2.85 1.30 155
N Mean  29.10 23.93 14.04 11.76
Composition 12

StdDev 3.79 470 160 1.82




Figure B.8: Circle, Gird, O set Language Summary Charts & Exanples;K =50
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Figure B.9: Evolved Candidate Image With GP Tree - Grayscale

(a) Experiment P1; K =50; Noisy Language;
Mondrian Target; Generation 60
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Figure B.10: Evolved Candidate Image With GP Tree - Colour

(a) Experiment C2; K =50; Noisy Language,
No X ; Flower Target; Generation 100.

Colour channels have been isolated and dis-
played alongside the evolved image.



Appendix C

User Survey & Data

A total of 36 complete sets of answers were acquired from theeu survey. There were
also 3 incomplete sets which have been removed, as exiting throwser had been an

indicated method for users to withdraw participation cons.

We consider

chance.

= 0:5, comparing our mean and median against random selection

Table C.1: User survey data and partial analysis

Question | % Correct , || Ordered | Signed Rank

1 0.9722| +0.4722 || +0.1389 | + 1

2 0.9444| +0.4444 || +0.3056 | + 2

3 0.9722| +0.4722| +0.3611 | + 3

4 1.0000| +0.5000 || +0.3889 | + 4

5 1.0000| +0.5000 || +0.4167 | + 5

6 0.9444| +0.4444 || +0.4444 | + 6 7
7 0.9722| +0.4722 || +0.4444 | + 7 7
8 0.9444| +0.4444 || +0.4444 | + 8 7
9 0.9167| +0.4167 | +0.4722| + 9 11
10 1.0000| +0.5000 | +0.4722 | + 40 11
11 0.6389| +0.1389 | +0.4722| + 41 11
12 0.9722| +0.4722 || +0.4722 | + 12 11
13 1.0000| +0.5000 || +0.4722 | + 43 11
14 0.8611| +0.3611 || +0.5000 | + 14 17
15 1.0000| +0.5000 || +0.5000 | + 15 17
16 0.8889| +0.3889 || +0.5000 | + 16 17
17 0.9722| +0.4722 || +0.5000 | + 17 17
18 1.0000| +0.5000 | +0.5000 | + 18 17
19 1.0000| +0.5000| +0.5000| + 49 17
20 0.8056| +0.3056 || +0.5000 | + 20 17

210
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Sign Test

The median for the null hypothesis should
re ect a random selection. A reasonable
con dence interval will be used.

0=0:5
=0:005

211

Wilcoxon Signed-Rank Test

The median for the null hypothesis should
re ect a random selection. A reasonable
con dence interval will be used.

0= 0:5
=0:005

We're comparing against 20 samples, none We're comparing against 20 samples, none

of which were excluded for matching o.
n=20 0=20

For each sample, we obtain the di erence
from o

We obtain a count of the positively signed
di erences, and a count of the negatively
signed di erences.

nt =20
n =0

The critical value to compare against for a
double-tailed test would be the greater of
the two counts. For our right-tailed test,
we will usen®.

T=20

Th: = T20,0.005 = 14

SinceT >T,. , we can reject the null hy-
pothesis withap  0:005 con dence level.
Our observations are signi cant.

of which were excluded for matching o.
n=20 0=20

For each sample, we obtain the di erence
from o, and arrange them in ascending
order by absolute value. Rankings are
provided by this order, where groups of
identical absolute values obtain the aver-
age rank of that group.

Determine the sum-of-ranks for positively
signed di erences, and the sum-of-ranks
for negatively signed di erences.

=210
R =0

The critical value to compare against for
a double-tailed test would be the lesser of
the two sum-of-rank values. For our right-
tailed test, we will use R .

T=0

Th; = T20,0.005 = 14

SinceT < T,. , we can reject the null hy-
pothesis withap  0:005 con dence level.
Our observations are signi cant.
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Principal Investigator, Faculty
Supervisor

Student Investigator
Michael Gircys

Department of Computer Science
Brock University
mgl2vp@brocku.ca

Dr. Brian Ross

Department of Computer Science
Brock University

(905) 688-5550 Ext. 4284
bross@brocku.ca

Invitation

You are invited to participate in a study that involves research. The research will involve
your participation in an online survey.

My ongoing MSc thesis research focuses on artificial inteligence software that generates
abstract computer images. The computer software uses mahematical measurements to
help generate new images that are visually similar to cther existing images. The purpose
of this online survey is to obtain some human opinions on the q uality of the images
generated by this system. In particular, we wish to detemine how strong the similarity is
between our computer-generated images and the existing imag es from a human's point
of view. Our goal is to whether the measures used
by the software are useful in matching with human's opinions ab out the images.

What's Involved

In this online survey, you will be presented with an existing art work, and two computer
generated images. You will be asked to select the computer-generated image that you
feel has a stronger visual similarity to the art work. There will be 20 example sets of
images that you will be asked to evaluate, and the expected duration will be no more
than 5 minutes in total. The survey will be conducted as an anline questionnaire.

Potential Benefits and Risks

This study will benefit the scientific community by provid ing statistical support to our
models, attributes in images with the abilities of

human perception. It is hoped that these results can improve tools related to

computational intelligence and machine vision.

There are no known or antici risks. in this study.
The anonymous nature of the survey means that we cannot confirm or deny your
participation in the survey.

Confidentiality

Participants do not have to include any personal identification, such as name or email
address. All recorded data will be anonymous. No information will be collected that will
link your responses to your identity. All data collected during this study will be stored as
part of my research and will be added to the appendix of my thesis. The digital data will
be stored electronically in an encrypted archive on a local hard disk, and will be available
to me and my supervisor. Although digital data may eventually be destroyed, completed
survey data will reside in the thesis appendix for perpetuity. Note that incomplete
surveys may not be used.

http://cosc.brocku.ca/~mgl2vp/suny

2017-04-13 12:q
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Voluntary Participation

Participation in this study is voluntary. If you wish, you may decline to answer any
questions or i inany orall of the study. surveys will
not be included in the research analysis. Further, you may ecide to withdraw from this
study at any time during the survey, and may do so without any penalty (e.g. you may
close your browser at any time). However, it will not be possible to withdraw from
participation after the survey has been completed, since it will not be possible to identify
and remove a specific from data,

Publication of Results

Participants can read about the results of this research h my completed thesis upon
submission (anticipated in 2017/18), via the library's online collection. Results of this
study may also be published in professional journals and presented at conferences. Data
from this survey may be used by other researchers to vaidate results and figures within
the thesis. Additional information about this study, an over view of results, as well as the
thesis (upon completion), will be available at http://www.cosc.brocku.ca/~bross/ .

Contact Information and Ethics Clearance

If you have any questions about this study or require further information, please contact
Michael Dr. Brian g the contact provided above. This
study has been reviewed and received ethics clearance thragh the Research Ethics
Board at Brock University. If you have any comments or coicerns about your rights as a
research participant, please contact the Research Ethic©ffice at (905) 688-5550 Ext.
3035, reb@brocku.ca

This research is partially supported by NSERC Discovg Grant 138467.
This study has been reviewed and received ethics clearancéhrough Brock University's
Research Ethics Board (file #16-267).

Thank you for your assistance in this project.
Please keep a copy of this form for your records.

Consent Form

By clicking the web button below, | indicate that:

* | have read and understood the above information.

* | am 17 years of age or older.

* | agree to participate in this study. | have made this decision based on the
information | have read in the Information-Consent Letter.

* | have had the opportunity to receive any additional detai Is | wanted about the
study and understand that | may ask questions in the future.

| understand that | may withdraw this consent at any time during the survey.

I should keep a copy of this consent form (web page) for my records.

There is no time limit to any question and no wrong answers, however, questions cannot
be revisited.

Next

http://cosc.brocku.ca/~mgl2vp/sun|
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Survey: Evolving Textures Using 2D Power Spectra 8/20
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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Survey: Evolving Textures Using 2D Power Spectra 9/

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra /20
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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Survey: Evolving Textures Using 2D Power Spectra u/20

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra 220
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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Survey: Evolving Textures Using 2D Power Spectra 13/20

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra uin
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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Survey: Evolving Textures Using 2D Power Spectra 15/20

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra %/
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next

2017-04-13 12.(
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Survey: Evolving Textures Using 2D Power Spectra i

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra /20
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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Survey: Evolving Textures Using 2D Power Spectra 10/20

Target

Please select the image below which you feel is most sinilar to the target above.

Choice A Choice B

Next
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Survey: Evolving Textures Using 2D Power Spectra /20
Target
Please select the image below which you feel is most sinilar to the target above.
Choice A Choice B
Next
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PSD Survey - Comple http://cosc.brocku.ca/~mgl2vp/surve|

Survey: Evolving Textures Using 2D Power Spectra DONE

Thank you for your assistance in this project.

Additional information regarding this research project and other related works may be
found at
http:/Avww.cosc.brocku.ca/~bross/
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APPENDIX C. USER SURVEY & DATA 224
Table C.2: User survey raw data by question
Session Question Correct Session Question Correct Session Question Correct

0en7009b8o6bn6bgfkhcf2i8h7
1u07p8omppjb2oqrtkadvdn2ve
2mbikr6emk41b87kr46d68fh44
4pv1c00i66fe06q2ck66lg3073
53tkvgq01r0jv30audikr2eb20
5f6po4ekr3bm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovl713rmgdn7mo4h7I5In5n3
6rubclhv5phadum9njf847an21
74bi9bd702ukkvfso9m18joull
Trjdaa2crif7lsrhson62ron41
8ejfs86ch24gludak26vbitopd
8ncopsrtca2mqggh9gmulkc79t4
8olin7idjghsfova07uo6g1jk3
997f013mqgp3p2h2qnpm58Ich76
9dlol1p49nbnuilumoutrjtcq2
9m4evllj7tm1qicls8I5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkerigjfr85sm3vcbth933
csli5u3ms3rtg8ghtOrfihd6g3
e0s80q070do39qcm87s3mktbfj6
euc6ho5uqo8vputqo7uljnihcl
frj8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664Ibmd2Irorlts4jnj2
msdnp47br71gdvlliuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kmlI3qqupf2
p3beelgelgbd8tk2qic2hbfej5
qt4orejugu7hgbdOm8jr7j9d56
rde6dsetg9tn721f8efl1giug5
risfv5f45sjkj2kOhsjhbOcnp2
umbkj3outn2qOu4ogilnhm0d86
vulccmpfd9kigtnm76qvekukil

0en70q9b8o6bn6bgfkhcf2i8h7
1u07p8omppjb2oqrtkadvdn2ve
2mbikr6emk41b87kr46d68fh44
4pv1c0oi66fe06q2ck661g3073
53tkvqq01r0jv30audikr2eb20
5f6podekr3bm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovI713rmgdn7mo4h7I5in5n3
6rubclhvsphadum9njf847an21
74bi9bd702ukkvfso9m18joull
Trjdaa2crif7lsrhson62ron4l
8ejfs86ch24gludak26v5itop4
8ncopsrtca2zmqgh9gmulkc79t4
8o1lin7idjghsfova07uo6g1jk3
997f013mqap3p2h2gnpm58Ich76
9d1ol1p49nbnuilumoutrjtcq2
9m4evllj7tm1q9icls8l5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkeriqjfr85sm3vchth933
csli5u3ms3rtg8qghtorfihdéq3
€0s89070do39gcm87s3mktbfj6
euc6ho5uqo8vputqo7uOjnihcl
frji8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664Ibmd2Irorlts4jnj2
msdnp47br71gdv1liuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kml3qqupf2
p3beelgelgbd8tk2gic2hbfej5
qtdorejugu7hgbdOma8jr7j9d56
rde6dsetg9tn721f8efl1giug5
risfv5f45sjkj2kOhsjhbOcnp2
umbkj3outn2qOu4ogilnhm0d86
vulcecmpfd9kigtnm76qvekukll

0en70q9b8o6bn6bgfkhcf2igh7
1u07p8omppjb2oqrtkadvdn2ve
2mbikr6emk41b87kr46d68fh44
4pv1c00i66fe06q2ck661g3073
53tkvaqq01r0jv30audikr2eb20
5fépodekr3bm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovI713rmgdn7mo4h7I5in5n3
6rubclhvsphadum9njf847an21
74bi9bd702ukkvfso9m18joull
Trjdaa2crif7lsrhson62ron41
8ejfs86ch24gludak26v5itopd
8ncopsrtca2mqgh9gmulkc79t4
8o1in7idjghsfova07uo6g1jk3
997f013mqp3p2h2gnpm58Ich76
9d1ol1p49nbnuilumoutrjtcq2
9m4evllj7tm1g9icls8l5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkeriqjfr85sm3vchth933
csli5u3ms3rtg8ghtOrfihd6q3
e0s80070do39gcm87s3mktbfj6
euc6ho5uqo8vputqo7uljnihcl
frj8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664Ibmd2lIrorlts4jnj2
msdnp47br71gdv1liuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kmi3qqupf2
p3beelgelgbd8tk2gic2hbfej5
gt4orejugu7hgbdOm8jr7j9d56
rde6dsetg9tn721f8efl1giug5
risfv5f45sjkj2kOhsjhbOcnp2
umbkj3outn2q0u4ogilnhm0d86
vulcecmpfd9kigtnm76qvekukll

0en70q9b8o6bnébgfkhcf2i8h7
1u07p8omppjb2oqrtkadvdn2vé
2mbikr6emk41b87kr46d68fh44
4pv1c00i66fe06q2ck66lg3073
53tkvgq01r0jv30audikr2eb20
5f6podekr3bm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovl713rmqdn7mo4h7I5In5n3
6rubclhv5phadum9njf847an21
74bi9bd702ukkvfso9m18joull
7ri4aa2crif7lsrhson62ron4l
8ejfs86ch24gludak26vsitopd
8ncopsrtca2mqggh9gmulkc79t4
801in7idjghsfova07uo6g1jk3
997f013mqgp3p2h2gnpm58ich76
9dlol1p49nbnuilumoutrjtcq2
9mdevllj7tm1q9icls8l5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkeriqjfr85sm3vchbth933
cslisu3ms3rtg8ghtOrfind6q3
e0s8q070do39qcm87s3mktbfj6
euc6ho5uqo8vputqo7uOjnihcl
frji8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664lbmd2lrorlts4jnj2
msdnp47br71gdv1liuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kml3qqupf2
p3beelgelgbd8tk2gic2hbfejs
qtdorejugu7hgbdOm8jr7j9d56
rde6dsetg9tn721f8efl1giugs
risfv5f45sjkj2k0hsjhbOcnp2
umbkj3outn2g0u4ogilnhm0d86
vulccmpfd9kigtnm76qvekukil
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0en700q9b8o6bn6bgfkhcf2i8h7
1u07p8omppjb2oqrtkadvdn2vé
2mbikr6emk41b87kr46d68fh44
4pv1c00i66fe06q2ck66lg3073
53tkvaqq01r0jv30audikr2eb20
5f6podekr3abm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovI713rmgdn7mo4h7I5in5n3
6rubclhv5phadum9njf847an21
74bi9bd702ukkvfso9m18joull
Tridaa2crif7lsrhson62ron41l
8ejfs86ch24gludak26vsitop4
8ncopsrtca2mqgh9gmulkc79t4
8o1lin7idjghsf9va07uo6g1jk3
997f013mgp3p2h2gnpm58Ich76
9d1ol1p49nbnuilumoutrjtcq2
9mdevllj7tm1q9icls8l5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkerigjfr85sm3vchth933
csli5u3ms3rtg8ghtOrfind6g3
€0s80070do39qcm87s3mktbfj6
euc6ho5ugo8vputqo7uljnihcl
frji8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664lbmd2lIrorlts4jnj2
msdnp47br71gdv1liuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kml3qqupf2
p3beelgelgbd8tk2gic2hbfejs
gtdorejugu7hgbdOm8;jr7j9d56
rde6dsetg9tn721f8efl1giugs
risfv5f45sjkj2kOhsjhbOcnp2
umbkj3outn2g0u4ogilnhm0d86
vulccmpfd9kigtnm76qvekukil
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0en70q9b8o6bn6bgfkhcf2i8h7
1u07p8omppjb2oqrtkadvdn2vé
2mbikr6emk41b87kr46d68fh44
4pv1c00i66fe06q2ck66lg3073
53tkvqq01r0jv30audikr2eb20
5f6podekr3bm57pik3md4tnubl
5n8u49lvgs7r2pl76msom9s8v7
5rovI713rmgdn7mo4h7I5in5n3
6rubclhv5phadum9njf847an21
74bi9bd702ukkvfso9m18joull
Trjdaa2crif7lsrhson62ron41
8ejfs86ch24gludak26v5itop4
8ncopsrtca2mqgh9gmulkc79t4
8o1lin7idjghsf9va07uo6g1jk3
997f013mqgp3p2h2gnpm58Ich76
9d1ol1p49nbnuilumoutrjtcq2
9mdevllj7tm1g9icls8/5040m4
biabpokjnk132lu2keb9nhmtd5
c7bmbkerigjfr85sm3vchth933
csli5u3ms3rtg8ghtOrfihnd6g3
e0s87070d039gcm87s3mktbfj6
euc6ho5uqo8vputqo7uOjnihcl
frj8s3fd1po84uje7sftrh85m5
gj0e3kmmb5tuaasosvnidril663
i97epapdrhnh3sisupuju7orb0
ij381i664lbmd2lIrorlts4jnj2
msdnp47br71gdv1liuldgnrt43
nfnkmvflpcukql8pvdsdds4r22
o4ceqglinlnphd7c6kb4b93923
0ep8758jc2ae7983kml3qqupf2
p3beelgelgbd8tk2gic2hbfejs
qtdorejugu7hgbdOm8;jr7j9d56
rde6dsetg9tn721f8efl1giug5
risfv5f45sjkj2kOhsjhbOcnp2
umbkj3outn2gq0u4ogilnhm0d86
vulccmpfd9kigtnm76qvekukil
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APPENDIX C. USER SURVEY & DATA 225

Session Question Correct Session Question Correct Session Question Correct
0en70q9b8o6bn6bgfkhcf2i8h7 7 1 0en70g9b8o6bn6bgfkhcf2i8h7 9 1 0en70g9b8o6bn6bgfkhcf2i8h7 11 1
1u07p8omppjb2oqrtkadvdn2ve 7 1 1u07p8omppjb2oqrtkadvdn2ve 9 1 1u07p8omppjb2oqrtkadvdn2ve 11 1
2mbikr6emk41b87kr46d68fh44 7 1 2mbikr6emk41b87kr46d68fh44 9 0 2mbikr6emk41b87kr46d68fh44 11 0
4pv1c00i66fe06q2ck66lg3073 7 1 4pv1c00i66fe06q2ck661g3073 9 1 4pv1c00i66fe06q2ck661g3073 11 0
53tkvgq01r0jv30audikr2eb20 7 1 53tkvqq01r0jv30audikr2eb20 9 1 53tkvqq01r0jv30audikr2eb20 11 1
5f6po4ekr3bm57pik3md4tnubl 7 1 5f6podekr3bm57pik3md4tnubl 9 1 5fépodekr3bm57pik3md4tnubl 11 1
5n8u49lvgs7r2pl76msom9s8v7 7 1 5n8u49lvgs7r2pl76msom9s8v7 9 1 5n8u49lvgs7r2pl76msom9s8v7 11 1
5rovi713rmgdn7mo4h715In5n3 7 1 5rovI713rmgdn7mo4h7I5in5n3 9 1 5rovI713rmgdn7mo4h7I5in5n3 11 0
6rubclhv5phadum9njf847an21 7 1 6rubclhv5phadum9njf847an21 9 1 6rubclhv5phadumonjf847an21 11 1
74bi9bd702ukkvfso9m18joull 7 1 74bi9bd702ukkvfso9m18joull 9 1 74bi9bd702ukkvfso9m18joull 11 1
7rjdaa2crif7lsrhson62ron4dl 7 1 7rjdaa2crif7Isrhson62ron4l 9 1 Trjdaa2crif7Isrhson62ron41 11 0
8ejfs86ch24gludak26vsitopd 7 1 8ejfs86ch24gludak26v5itopd 9 1 8ejfs86ch24gludak26v5itopd 11 0
8ncopsrtca2mqggh9gmulkc79t4 7 1 8ncopsrtcazmqggh9gmulkc79t4 9 1 8ncopsrtca2zmqgh9gmulkc79t4 11 1
8olin7idjghsfova07uo6g1jk3 7 1 8o1in7idjghsfova07uo6g1jk3 9 1 8o1lin7idjghsfova07uo6g1jk3 11 1
997f013mqp3p2h2qnpm58Ich76 7 1 997f013mqap3p2h2gnpm58Ich76 9 1 997f013mqp3p2h2gnpm58ich 76 11 1
9d1ol1p49nbnuilumoutrjtcq2 7 1 9d1ol1p49nbnuilumoutrjtcq2 9 1 9d1ol1p49nbnuilumoutrjtcq2 11 1
9mdevllj7tm1q9icls8l5040m4 7 1 9m4evllj7tm1qg9icls8l5040m4 9 1 9m4evllj7tm1g9icls8l5040m4 11 0
biabpokjnk132lu2keb9nhmtd5 7 1 biabpokjnk132lu2keb9nhmtd5 9 1 biabpokjnk132lu2keb9nhmtd5 11 1
c7bmbkerigjfr85sm3vchth933 7 1 c7bmbkeriqjfr85sm3vchth933 9 1 c7bmbkeriqjfr85sm3vchth933 11 0
csli5u3ms3rtg8ghtOrfihd6q3 7 1 csli5u3ms3rtg8qghtorfihdéq3 9 0 csli5u3ms3rtg8ghtOrfihd6q3 11 0
e0s87070do39qcm87s3mktbfj6 7 1 e0s89070d039gcm87s3mktbfj6 9 1 e0s80070do39gcm87s3mktbfj6 11 0
euc6ho5uqo8vputqo7uljnihcl 7 1 euc6ho5uqo8vputqo7uOjnihcl 9 1 euc6ho5uqo8vputqo7uljnihcl 11 1
frj8s3fd1po84uje7sftrh85m5 7 1 frji8s3fd1po84uje7sftrh85m5 9 1 frj8s3fd1po84uje7sftrh85m5 11 1
gj0e3kmmb5tuaasosvnidril663 7 1 gj0e3kmmb5tuaasosvnidril663 9 1 gj0e3kmmb5tuaasosvnidril663 11 1
i97epapdrhnh3sisupuju7orb0 7 1 i97epapdrhnh3sisupuju7orb0 9 1 i97epapdrhnh3sisupuju7orb0 11 1
ij381i664lbmd2Irorlts4jnj2 7 0 ij381i664lbmd2lIrorlts4jnj2 9 1 ij381i664lbmd2lIrorlts4jnj2 11 1
msdnp47br71gdviliuldgnrt43 7 1 msdnp47br71gdviliuldgnrt43 9 1 msdnp47br71gdvlliuldgnrt43 11 1
nfnkmvflpcukql8pvdsdds4r22 7 1 nfnkmvflpcukql8pvdsdds4r22 9 1 nfnkmvflpcukql8pvdsdds4r22 11 0
o4ceqglin1nphd7c6kb4b93923 7 1 o4ceqglin1nphd7c6kb4b93923 9 0 o4ceqglinlnphd7c6kb4b93923 11 0
0ep8758jc2ae7983kml3qqupf2 7 1 0ep8758jc2ae7983kml3qqupf2 9 1 0ep8758jc2ae7983kml3qqupf2 11 1
p3beelgelgbd8tk2qic2hbfej5 7 1 p3beelgelghd8tk2gic2hbfej5 9 1 p3beelgelgbd8tk2gic2hbfej5 11 1
qtdorejugu7hgbdOma8jr7j9d56 7 1 gt4orejugu7hgbdOm8;jr7j9d56 9 1 gt4orejugu7hgbdOm8jr7j9d56 11 1
rde6dsetg9tn721f8efl1giugs 7 1 rde6dsetg9tn721f8efl1giug5 9 1 rde6dsetg9tn721f8efl1giug5 11 1
risfv5f45sjkj2k0hsjhbOcnp2 7 1 risfv5f45sjkj2k0hsjhbOcnp2 9 1 risfv5f45sjkj2kOhsjhbOcnp2 11 0
umbkj3outn2¢q0u4ogilnhm0d86 7 1 umbkj3outn2qOu40gilnhm0d86 9 1 umbkj3outn2q0u4ogilnhm0d86 11 0
vulccmpfd9kigtnm76qvekukll 7 1 vulcecmpfd9kigtnm76qvekukll 9 1 vulcecmpfd9kigtnm76qvekukil 11 1
0en70q9b8o6bn6bgfkhcf2i8h7 8 1 0en70g9b8o6bn6bgfkhcf2i8h7 10 1 0en70q9b8o6bn6bgfkhcf2i8h7 12 1
1u07p8omppjb2ogrtkadvdn2ve 8 0 1u07p8omppjb2oqrtkadvdn2ve 10 1 1u07p8omppjb2oqrtkadvdn2ve 12 1
2mbikr6emk41b87kr46d68fh44 8 1 2mbikr6emk41b87kr46d68fh44 10 1 2mbikr6emk41b87kr46d68fh44 12 1
4pv1c00i66fe06q2ck66lg3073 8 1 4pv1c0oi66fe06q2ck661g3073 10 1 4pv1c00i66fe06q2ck661g3073 12 1
53tkvgq01r0jv30audikr2eb20 8 1 53tkvaqq01r0jv30audikr2eb20 10 1 53tkvqq01r0jv30audikr2eb20 12 1
5f6po4ekr3bm57pik3md4tnubl 8 1 5f6podekr3bm57pik3md4tnubl 10 1 5fépodekr3bm57pik3md4tnubl 12 1
5n8u49lvgs7r2pl76msom9s8v7 8 1 5n8u49lvgs7r2pl76msom9s8v7 10 1 5n8u49lvgs7r2pl76msom9s8v7 12 1
5rovl713rmgdn7mo4h7I5In5n3 8 1 5rovI713rmgdn7mo4h7I5in5n3 10 1 5rovI713rmgdn7mo4h7I5in5n3 12 1
6rubclhv5phadum9njf847an21 8 1 6rubclhv5phadum9njf847an21 10 1 6rubclhv5phadum9njf847an21 12 1
74bi9bd702ukkvfso9m18joull 8 1 74bi9bd702ukkvfso9m18joull 10 1 74bi9bd702ukkvfso9m18joull 12 1
7ri4aa2crif7lsrhson62ron4l 8 1 7ri4aa2crif7lsrhson62ron41l 10 1 7rjdaa2crif7lsrhson62ron41 12 1
8ejfs86ch24gludak26vsitopd 8 1 8ejfs86ch24gludak26vsitop4 10 1 8ejfs86ch24gludak26vsitop4 12 1
8ncopsrtca2mqggh9gmulkc79t4 8 1 8ncopsrtca2zmqgh9gmulkc79t4 10 1 8ncopsrtca2zmqgh9gmulkc79t4 12 1
8olin7idjghsfova07uo6g1jk3 8 1 801in7idjghsfva07uo6g1jk3 10 1 8o1lin7idjghsf9va07uo6g1jk3 12 1
997f013map3p2h2gnpm58Ichb76 8 1 997f013mqp3p2h2qnpm58Icb76 10 1 997f013mqp3p2h2gnpm58Ich76 12 1
9dlol1p49nbnuilumoutrjtcq2 8 1 9d1ol1p49nbnuilumoutrjtcq2 10 1 9d1ol1p49nbnuilumoutrjtcq2 12 1
9m4evllj7tm1q9icls8I5040m4 8 1 9m4evllj7tm1q9icls8l5040m4 10 1 9m4evllj7tm1g9icls8l5040m4 12 1
biabpokjnk132lu2keb9nhmtd5 8 1 biabpokjnk132lu2keb9nhmtd5 10 1 biabpokjnk132lu2keb9nhmtd5 12 1
c7bmbkerigjfr85sm3vchth933 8 1 c7bmbkerigjfr85sm3vchth933 10 1 c7bmbkerigjfr85sm3vchth933 12 0
csli5u3ms3rtg8ghtOrfihd6g3 8 1 csli5su3ms3rtg8qghtorfihd6q3 10 1 csli5u3ms3rtg8ghtOrfihd6q3 12 1
e0s87070do39qcm87s3mktbfj6 8 1 €0s89070do39gcm87s3mktbfj6 10 1 e0s80070do39gcm87s3mktbfj6 12 1
euc6ho5uqo8vputqo7uQjnihcl 8 1 euc6ho5uqo8vputqo7uOjnihcl 10 1 euc6ho5uqo8vputqo7uljnihcl 12 1
frj8s3fd1po84uje7sftrh85m5 8 1 frji8s3fd1po84uje7sftrh85m5 10 1 frj8s3fd1po84uje7sftrh85m5 12 1
gj0e3kmmb5tuaasosvnidril663 8 1 gj0e3kmmb5tuaasosvnidril663 10 1 gj0e3kmmb5tuaasosvnidril663 12 1
i97epapdrhnh3sisupuju7orb0 8 1 i97epapdrhnh3sisupuju7orb0 10 1 i97epapdrhnh3sisupuju7orb0 12 1
ij381i664Ibmd2Irorlts4jnj2 8 1 ij381i664Ibmd2Irorlts4jnj2 10 1 ij381i664Ibmd2lIrorlts4jnj2 12 1
msdnp47br71gdv1liuldgnrt43 8 0 msdnp47br71gdv1liuldgnrt43 10 1 msdnp47br71gdv1liuldgnrt43 12 1
nfnkmvflpcukql8pvdsdds4r22 8 1 nfnkmvflpcukql8pvdsdds4r22 10 1 nfnkmvflpcukql8pvdsdds4r22 12 1
o4ceqglinlnphd7c6kb4b93923 8 1 o4ceqglinlnphd7c6kb4b93923 10 1 o4ceqglinlnphd7c6kb4b93923 12 1
0ep8758jc2ae7983kml3qqupf2 8 1 0ep8758jc2ae7983kml3qqupf2 10 1 0ep8758jc2ae7983kml3qqupf2 12 1
p3beelgelgbd8tk2gic2hbfejs 8 1 p3beelgelgbd8tk2gic2hbfejs 10 1 p3beelgelgbd8tk2gic2hbfejs 12 1
qtdorejugu7hgbdOma8jr7j9d56 8 1 gt4orejugu7hgbdOm8;jr7j9d56 10 1 qt4orejugu7hgbdOm8jr7j9d56 12 1
rde6dsetg9tn721f8efl1giug5 8 1 rde6dsetg9tn721f8efl1giug5 10 1 rde6dsetg9tn721f8efl1giug5 12 1
risfv5f45sjkj2k0hsjhbOcnp2 8 1 risfv5f45sjkj2kOhsjhbOcnp2 10 1 risfv5f45sjkj2kOhsjhbOcnp2 12 1
umbkj3outn2qOu4ogilnhm0d86 8 1 umbkj3outn2qOu4ogilnhm0d86 10 1 umbkj3outn2q0u4ogilnhm0d86 12 1
vulccmpfd9kigtnm76qvekukil 8 1 vulcecmpfd9kigtnm76qvekukil 10 1 vulcempfd9kigtnm76qvekukil 12 1
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Session Question Correct Session Question Correct Session Question Correct
0en70q9b8o6bn6bgfkhcf2i8h7 13 1 0en70g9b8o6bn6bgfkhcf2i8h7 15 1 0en70g9b8o6bn6bgfkhcf2i8h7 17 1
1u07p8omppjb2oqrtkadvdn2ve 13 1 1u07p8omppjb2oqrtkadvdn2ve 15 1 1u07p8omppjb2oqrtkadvdn2ve 17 1
2mbikr6emk41b87kr46d68fh44 13 1 2mbikr6emk41b87kr46d68fh44 15 1 2mbikr6emk41b87kr46d68fh44 17 1
4pv1c00i66fe06q2ck66lg3073 13 1 4pv1c00i66fe06q2ck661g3073 15 1 4pv1c00i66fe06q2ck661g3073 17 1
53tkvgq01r0jv30audikr2eb20 13 1 53tkvqq01r0jv30audikr2eb20 15 1 53tkvqq01r0jv30audikr2eb20 17 1
5f6po4ekr3bm57pik3md4tnubl 13 1 5f6podekr3bm57pik3md4tnubl 15 1 5fépodekr3bm57pik3md4tnubl 17 1
5n8u49lvgs7r2pl76msom9s8v7 13 1 5n8u49lvgs7r2pl76msom9s8v7 15 1 5n8u49lvgs7r2pl76msom9s8v7 17 1
5rovi713rmgdn7mo4h715In5n3 13 1 5rovI713rmgdn7mo4h7I5in5n3 15 1 5rovI713rmgdn7mo4h7I5in5n3 17 1
6rubclhv5phadum9njf847an21 13 1 6rubclhv5phadum9njf847an21 15 1 6rubclhv5phadumonjf847an21 17 1
74bi9bd702ukkvfso9m18joull 13 1 74bi9bd702ukkvfso9m18joull 15 1 74bi9bd702ukkvfso9m18joull 17 1
7rjdaa2crif7lsrhson62ron4dl 13 1 7rjdaa2crif7Isrhson62ron4l 15 1 Trjdaa2crif7Isrhson62ron41 17 1
8ejfs86ch24gludak26vsitopd 13 1 8ejfs86ch24gludak26v5itopd 15 1 8ejfs86ch24gludak26v5itopd 17 1
8ncopsrtca2mqggh9gmulkc79t4 13 1 8ncopsrtcazmqggh9gmulkc79t4 15 1 8ncopsrtca2zmqgh9gmulkc79t4 17 1
8olin7idjghsfova07uo6g1jk3 13 1 8o1in7idjghsfova07uo6g1jk3 15 1 8o1lin7idjghsfova07uo6g1jk3 17 0
997f013mqp3p2h2qnpm58Ich76 13 1 997f013mqap3p2h2gnpm58Ich76 15 1 997f013mqp3p2h2gnpm58ich 76 17 1
9d1ol1p49nbnuilumoutrjtcq2 13 1 9d1ol1p49nbnuilumoutrjtcq2 15 1 9d1ol1p49nbnuilumoutrjtcq2 17 1
9mdevllj7tm1q9icls8l5040m4 13 1 9m4evllj7tm1qg9icls8l5040m4 15 1 9m4evllj7tm1g9icls8l5040m4 17 1
biabpokjnk132lu2keb9nhmtd5 13 1 biabpokjnk132lu2keb9nhmtd5 15 1 biabpokjnk132lu2keb9nhmtd5 17 1
c7bmbkerigjfr85sm3vchth933 13 1 c7bmbkeriqjfr85sm3vchth933 15 1 c7bmbkeriqjfr85sm3vchth933 17 1
csli5u3ms3rtg8ghtOrfihd6q3 13 1 csli5u3ms3rtg8qghtorfihdéq3 15 1 csli5u3ms3rtg8ghtOrfihd6q3 17 1
€0s8¢070d039gcm87s3mktbfj6 13 1 €0s8q070d039qcm87s3mktbfi6 15 1 €0s80070d039qcm87s3mkthfj6 17 1
euc6ho5uqo8vputqo7uljnihcl 13 1 euc6ho5uqo8vputqo7uOjnihcl 15 1 euc6ho5uqo8vputqo7uljnihcl 17 1
frj8s3fd1po84uje7sftrh85m5 13 1 frji8s3fd1po84uje7sftrh85m5 15 1 frj8s3fd1po84uje7sftrh85m5 17 1
gj0e3kmmb5tuaasosvnidril663 13 1 gj0e3kmmb5tuaasosvnidril663 15 1 gj0e3kmmb5tuaasosvnidril663 17 1
i97epapdrhnh3sisupuju7orb0 13 1 i97epapdrhnh3sisupuju7orb0 15 1 i97epapdrhnh3sisupuju7orb0 17 1
ij381i664lbmd2Irorlts4jnj2 13 1 ij381i664lbmd2lIrorlts4jnj2 15 1 ij381i664lbmd2lIrorlts4jnj2 17 1
msdnp47br71gdviliuldgnrt43 13 1 msdnp47br71gdviliuldgnrt43 15 1 msdnp47br71gdviliuldgnrt43 17 1
nfnkmvflpcukql8pvdsdds4r22 13 1 nfnkmvflpcukql8pvdsdds4r22 15 1 nfnkmvflpcukql8pvdsdds4r22 17 1
o4ceqglin1nphd7c6kb4b93923 13 1 o4ceqglin1nphd7c6kb4b93923 15 1 o4ceqglinlnphd7c6kb4b93923 17 1
0ep8758jc2ae7983kml3qqupf2 13 1 0ep8758jc2ae7983kml3qqupf2 15 1 0ep8758jc2ae7983kml3qqupf2 17 1
p3beelgelgbd8tk2qic2hbfej5 13 1 p3beelgelghd8tk2gic2hbfej5 15 1 p3beelgelgbd8tk2gic2hbfej5 17 1
qtdorejugu7hgbdOma8jr7j9d56 13 1 gt4orejugu7hgbdOm8;jr7j9d56 15 1 gt4orejugu7hgbdOm8jr7j9d56 17 1
rde6dsetg9tn721f8efl1giugs 13 1 rde6dsetg9tn721f8efl1giugs 15 1 rde6dsetg9tn721f8efl1giug5 17 1
risfv5f45sjkj2k0hsjhbOcnp2 13 1 risfv5f45sjkj2k0hsjhbOcnp2 15 1 risfv5f45sjkj2kOhsjhbOcnp2 17 1
umbkj3outn2¢q0u4ogilnhm0d86 13 1 umbkj3outn2qOu40gilnhm0d86 15 1 umbkj3outn2q0u4ogilnhm0d86 17 1
vulccmpfd9kigtnm76qvekukll 13 1 vulcecmpfd9kigtnm76qvekukll 15 1 vulcecmpfd9kigtnm76qvekukil 17 1
0en70q9b8o6bn6bgfkhcf2i8h7 14 1 0en70g9b8o6bn6bgfkhcf2i8h7 16 0 0en70q9b8o6bn6bgfkhcf2i8h7 18 1
1u07p8omppjb2ogrtkadvdn2ve 14 0 1u07p8omppjb2oqrtkadvdn2ve 16 1 1u07p8omppjb2oqrtkadvdn2ve 18 1
2mbikr6emk41b87kr46d68fh44 14 1 2mbikr6emk41b87kr46d68fh44 16 1 2mbikr6emk41b87kr46d68fh44 18 1
4pv1c00i66fe06q2ck66lg3073 14 1 4pv1c0oi66fe06q2ck661g3073 16 1 4pv1c00i66fe06q2ck661g3073 18 1
53tkvgq01r0jv30audikr2eb20 14 1 53tkvaqq01r0jv30audikr2eb20 16 1 53tkvqq01r0jv30audikr2eb20 18 1
5f6po4ekr3bm57pik3md4tnubl 14 1 5f6podekr3bm57pik3md4tnubl 16 1 5fépodekr3bm57pik3md4tnubl 18 1
5n8u49lvgs7r2pl76msom9s8v7 14 1 5n8u49lvgs7r2pl76msom9s8v7 16 1 5n8u49lvgs7r2pl76msom9s8v7 18 1
5rovl713rmgdn7mo4h7I5In5n3 14 1 5rovI713rmgdn7mo4h7I5in5n3 16 1 5rovI713rmgdn7mo4h7I5in5n3 18 1
6rubclhv5phadum9njf847an21 14 1 6rubclhv5phadum9njf847an21 16 1 6rubclhv5phadum9njf847an21 18 1
74bi9bd702ukkvfso9m18joull 14 1 74bi9bd702ukkvfso9m18joull 16 1 74bi9bd702ukkvfso9m18joull 18 1
7ri4aa2crif7lsrhson62ron4l 14 1 7ri4aa2crif7lsrhson62ron41l 16 1 7rjdaa2crif7lsrhson62ron41 18 1
8ejfs86ch24gludak26vsitopd 14 1 8ejfs86ch24gludak26vsitop4 16 0 8ejfs86ch24gludak26vsitop4 18 1
8ncopsrtca2mqggh9gmulkc79t4 14 1 8ncopsrtca2zmqgh9gmulkc79t4 16 1 8ncopsrtca2zmqgh9gmulkc79t4 18 1
8olin7idjghsfova07uo6g1jk3 14 1 801in7idjghsfva07uo6g1jk3 16 1 8o1lin7idjghsf9va07uo6g1jk3 18 1
997f013map3p2h2gnpm58Ichb76 14 1 997f013mqp3p2h2qnpm58Icb76 16 1 997f013mqp3p2h2gnpm58Ich76 18 1
9d1ol1p49nbnuilumoutrjtcq2 14 1 9d1ol1p49nbnuilumoutrjtcg2 16 1 9d1ol1p49nbnuilumoutrjtcg2 18 1
9m4evllj7tm1q9icls8I5040m4 14 1 9m4evllj7tm1q9icls8l5040m4 16 0 9m4evllj7tm1g9icls8l5040m4 18 1
biabpokjnk132lu2keb9nhmtd5 14 1 biabpokjnk132lu2keb9nhmtd5 16 1 biabpokjnk132lu2keb9nhmtd5 18 1
c7bmbkerigjfr85sm3vchth933 14 0 c7bmbkerigjfr85sm3vchth933 16 1 c7bmbkerigjfr85sm3vchth933 18 1
csli5u3ms3rtg8ghtOrfihd6g3 14 1 csli5su3ms3rtg8qghtorfihd6q3 16 0 csli5u3ms3rtg8ghtOrfihd6q3 18 1
e0s87070do39qcm87s3mktbfj6 14 1 €0s89070do39gcm87s3mktbfj6 16 1 e0s80070do39gcm87s3mktbfj6 18 1
euc6ho5uqo8vputqo7uQjnihcl 14 1 euc6ho5uqo8vputqo7uOjnihcl 16 1 euc6ho5uqo8vputqo7uljnihcl 18 1
frj8s3fd1po84uje7sftrh85m5 14 1 frji8s3fd1po84uje7sftrh85m5 16 1 frj8s3fd1po84uje7sftrh85m5 18 1
gj0e3kmmb5tuaasosvnidril663 14 1 gj0e3kmmb5tuaasosvnidril663 16 1 gj0e3kmmb5tuaasosvnidril663 18 1
i97epapdrhnh3sisupuju7orb0 14 0 i97epapdrhnh3sisupuju7orb0 16 1 i97epapdrhnh3sisupuju7orb0 18 1
ij381i664Ibmd2Irorlts4jnj2 14 1 ij381i664Ibmd2Irorlts4jnj2 16 1 ij381i664Ibmd2lIrorlts4jnj2 18 1
msdnp47br71gdv1liuldgnrt43 14 0 msdnp47br71gdv1liuldgnrt43 16 1 msdnp47br71gdv1liuldgnrt43 18 1
nfnkmvflpcukql8pvdsdds4r22 14 1 nfnkmvflpcukql8pvdsdds4r22 16 1 nfnkmvflpcukql8pvdsdds4r22 18 1
o4ceqglinlnphd7c6kb4b93923 14 0 o4ceqglinlnphd7c6kb4b93923 16 1 o4ceqglinlnphd7c6kb4b93923 18 1
0ep8758jc2ae7983kml3qqupf2 14 1 0ep8758jc2ae7983kml3qqupf2 16 1 0ep8758jc2ae7983kml3qqupf2 18 1
p3beelgelgbd8tk2gic2hbfejs 14 1 p3beelgelgbd8tk2gic2hbfejs 16 1 p3beelgelgbd8tk2gic2hbfejs 18 1
qtdorejugu7hgbdOma8jr7j9d56 14 1 gt4orejugu7hgbdOm8;jr7j9d56 16 1 qt4orejugu7hgbdOm8jr7j9d56 18 1
rde6dsetg9tn721f8efl1giug5 14 1 rde6dsetg9tn721f8efl1giug5 16 1 rde6dsetg9tn721f8efl1giug5 18 1
risfv5f45sjkj2k0hsjhbOcnp2 14 1 risfv5f45sjkj2kOhsjhbOcnp2 16 1 risfv5f45sjkj2kOhsjhbOcnp2 18 1
umbkj3outn2qOu4ogilnhm0d86 14 1 umbkj3outn2qOu4ogilnhm0d86 16 1 umbkj3outn2q0u4ogilnhm0d86 18 1
vulccmpfd9kigtnm76qvekukil 14 1 vulcecmpfd9kigtnm76qvekukil 16 1 vulcempfd9kigtnm76qvekukil 18 1
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Session Question Correct
0en70g9b8o6bn6bgfkhcf2igh7 19 1
1u07p8omppjb2oqrtkadvdn2ve 19 1
2mbikr6emk41b87kr46d68fh44 19 1
4pv1c00i66fe06q2ck66lg3073 19 1
53tkvgq01r0jv30audikr2eb20 19 1
5f6po4ekr3bm57pik3md4tnubl 19 1
5n8u49lvgs7r2pl76msom9s8v7 19 1
5rovi713rmgdn7mo4h715In5n3 19 1
6rubclhv5phadum9njf847an21 19 1
74bi9bd702ukkvfso9m18joull 19 1
7rjdaa2crif7lsrhson62ron4dl 19 1
8ejfs86ch24gludak26vsitopd 19 1
8ncopsrtca2mqggh9gmulkc79t4 19 1
8olin7idjghsfova07uo6g1jk3 19 1
997f013mqp3p2h2qnpm58Ich76 19 1
9d1ol1p49nbnuilumoutrjtcq2 19 1
9mdevllj7tm1q9icls8l5040m4 19 1
biabpokjnk132lu2keb9nhmtd5 19 1
c7bmbkerigjfr85sm3vchth933 19 1
csli5u3ms3rtg8ghtOrfihd6q3 19 1
€0s8¢070d039gcm87s3mktbfj6 19 1
euc6ho5uqo8vputqo7uljnihcl 19 1
frj8s3fd1po84uje7sftrh85m5 19 1
gj0e3kmmb5tuaasosvnidril663 19 1
i97epapdrhnh3sisupuju7orb0 19 1
ij381i664lbmd2Irorlts4jnj2 19 1
msdnp47br71gdviliuldgnrt43 19 1
nfnkmvflpcukql8pvdsdds4r22 19 1
o4ceqglin1nphd7c6kb4b93923 19 1
0ep8758jc2ae7983kml3qqupf2 19 1
p3beelgelgbd8tk2qic2hbfej5 19 1
qtdorejugu7hgbdOma8jr7j9d56 19 1
rde6dsetg9tn721f8efl1giugs 19 1
risfv5f45sjkj2k0hsjhbOcnp2 19 1
umbkj3outn2¢q0u4ogilnhm0d86 19 1
vulccmpfd9kigtnm76qvekukll 19 1
0en70q9b8o6bn6bgfkhcf2i8h7 20 1
1u07p8omppjb2ogrtkadvdn2ve 20 0
2mbikr6emk41b87kr46d68fh44 20 1
4pv1c00i66fe06q2ck66lg3073 20 1
53tkvqq01r0jv30audikr2eb20 20 0
5f6po4ekr3bm57pik3md4tnubl 20 1
5n8u49lvgs7r2pl76msom9s8v7 20 1
5rovl713rmgdn7mo4h7I5In5n3 20 0
6rubclhv5phadum9njf847an21 20 1
74bi9bd702ukkvfso9m18joull 20 1
7ri4aa2crif7lsrhson62ron4l 20 1
8ejfs86ch24gludak26vsitopd 20 1
8ncopsrtca2mqggh9gmulkc79t4 20 1
8o1lin7idjghsfova07uo6g1jk3 20 0
997f013mqgp3p2h2qnpm58Ich76 20 1
9dlol1p49nbnuilumoutrjtcq2 20 1
9m4evllj7tm1q9icls8I5040m4 20 1
biabpokjnk132lu2keb9nhmtd5 20 1
c7bmbkerigjfr85sm3vchth933 20 0
csli5u3ms3rtg8ghtOrfihd6g3 20 0
e0s87070do39qcm87s3mktbfj6 20 1
euc6ho5uqo8vputqo7uQjnihcl 20 1
frj8s3fd1po84uje7sftrh85m5 20 1
gj0e3kmmb5tuaasosvnidril663 20 1
i97epapdrhnh3sisupuju7orb0 20 1
ij381i664Ibmd2Irorlts4jnj2 20 1
msdnp47br71gdv1liuldgnrt43 20 1
nfnkmvflpcukql8pvdsdds4r22 20 1
o4ceqglinlnphd7c6kb4b93923 20 1
0ep8758jc2ae7983kml3qqupf2 20 1
p3beelgelgbd8tk2gic2hbfejs 20 0
qtdorejugu7hgbdOma8jr7j9d56 20 1
rde6dsetg9tn721f8efl1giug5 20 1
risfv5f45sjkj2k0hsjhbOcnp2 20 1
umbkj3outn2qOu4ogilnhm0d86 20 1
vulccmpfd9kigtnm76qvekukil 20 1
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