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optimum file compression means that the initial file size is close to the intended complexity 

measure, and saves space on the computer system. A problem is that in making digital 

reproductions of visual material, we introduce visual artefacts in the process by creating a 

discrete-valued representation of a perceptually continuous visual array. By using high-

resolution scanning and printing, we can minimise the unwanted effects of this process. 

Measuring Subjective Complexity 

The chosen method for measuring perceived complexity and aesthetic judgements is 

the psychophysical magnitude estimation scaling (MES) technique derived by Stevens 

(1975) and employed by Donderi & McFadden (2005). The method requires the 

participation of volunteers to engage in tasks, who for this project are recruited from staff 

and students at Nottingham Trent University, principally from the schools of psychology 

and art and design. By employing different groups of participants we are able to examine 

the effect of art experience on aesthetic perception and judgement of visual complexity. 

Conducting interviews with participants after the tasks also allows for qualitative data to be 

gathered which can add to the interpretation of the quantitative results. 

The primary subjective aesthetic measure is perceived complexity. The other 

subjective measurements in this project are aesthetic preference (how much an image is 

liked) and aesthetic judgement of artistic quality (an evaluation of the artistic merit of a 

work). In this thesis, we abbreviate these two measures with the terms preference and quality. 

In effect, by investigating aesthetic preference and judgement of quality, we are getting 

close to what has traditionally been called beauty. Philosophical aesthetics classifies 

aesthetic preference as a judgement of agreeableness, and aesthetic quality as a judgement 

of taste. This aesthetic conception places aesthetic quality alongside the concept of beauty, 

whereas for those outside the field of aesthetics beauty would be usually associated with 

aesthetic preference rather than artistic quality. To avoid confusion in the tests, we use the 

terms preference and quality. 
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Since the nature of data to be collected is quantitative, it is appropriate to use 

statistical data analysis methods. Because we are looking for a correlation between objective 

complexity and subjective aesthetic judgements, we need to use statistical tools such as 

regression analysis which will tell us the strength and direction of the correlation. The 

details of these statistical methods are discussed in the following chapters as they are dealt 

with in the description of the test procedures and results. 

Qualitative Methods 

Semi-Structured Interviews 

In order to see whether we can establish which criteria are employed in making the 

aesthetic judgements in the tests, the plan is to conduct semi-structured interviews with 

participants. Because the principal focus of this study is quantitative in nature, and also due 

to constraints in time and resources, these interviews are not to be conducted for every 

test, but only for the first part of the final test (Test 3a). The main objective is to determine 

the criteria in judging aesthetic complexity, preference and quality. The interviews also 

allow us to see how the participants coped with the task and offer them an opportunity to 

ask questions and comment on the experience. This data is recorded as audio files, and 

later transcribed for qualitative analysis, as described in the following section. 

Transcription Coding and Analysis 

A principal difference between the quantitative data gathered in the main tests and 

the qualitative data gathered in interviews is that the former relates to objects seen whilst the 

latter concerns events heard. Another difference is that the quantitative data relates to the 

perception of aesthetic information, whilst the qualitative data deals with semantic 

information. This requires a fundamentally different approach to analysis, because we are 

dealing with semantic information rather than aesthetic. Content analysis is the broad 

heading under which this type of analysis falls, and in this study we focus on transcription 

coding as the principal method. Krippendorf (2004) describes three approaches to content 

analysis, based on three different understandings of how the content (meaning) is identified 
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in the process of analysis. The first of these positions comprises the belief that the content 

is inherent in the transcribed text – the content is simply ‘there’ on the page to be 

discovered. The second regards the content as a property of the source of the text, namely 

the interviewee, and accepts the fact that there is an element of uncertainty in the 

transcription process. The third approach goes yet further by acknowledging the role of the 

researcher in actively constructing the content of the interviewees’ words through the 

process of transcription and analysis. In terms of the diagrammatic representation of 

qualitative analysis in Figure 64, the first approach focuses only on the text and disregards 

the other elements; the second also includes the interviewee as the source of the text; the 

third approach incorporates all three by recognising the role of the researcher in 

transcribing and analysing. This project adopts the third approach to content analysis. 

 
Figure 64 Representation of the qualitative analysis process. 

Amongst the various methods of content analysis, this project focuses on a form of 

transcription coding as the main method of analysing the qualitative data gathered via the 

semi-structured interviews. According to Saldana (2009), the process of coding identifies a 

data set’s primary content by reading and interpreting (de-coding) as well as identifying and 

labelling (en-coding): “coding is the transitional process between data collection and more 

extensive data analysis” (Saldana, 2009, p.4). The main concerns of this analysis are to 

enumerate and categorise the various responses to the interview questions and to 

determine through a basic statistical analysis their frequency and significance. 
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Plan 
The literature reviewed in the previous chapter reveals that although visual 

complexity has been a subject that dates back to the beginnings of experimental 

psychology, there have been few attempts to study the entire range of visual complexity. 

The reason for this may be that it is difficult to achieve, because it is not easy to create such 

a range of stimuli and also because the analysis required gets more complicated with more 

complex stimuli. Looking at the whole spectrum allows for a useful preliminary overview 

of the phenomenon and provides a frame of reference for further tests. Therefore, this is 

the aim of the initial tests in this project. The proposal for test 1 is to generate a series of 

images that represent equidistant samples along a scale of objective complexity as measured 

by file compression. In this way, we are able to generate a series of images that cover the 

four classes of complexity identified by Wolfram (2002), namely: uniform, repetitive, 

complex and chaotic. 

The plan is to start with limited variables and increase them gradually in successive 

tests. Test 1 begins with low-resolution black and white images (that is, with only 2 varieties 

of picture element) in order to be able to focus on order/arrangement of elements. The 

stimuli are generated from cellular automata and random programs. In terms of the 

quantity, variety and order of picture elements: the quantity is fixed at a fairly low value 

(one million pixels) and the variety is low (just two different types – black and white) while 

we manipulate the order of pixels. Test 2 increases the overall complexity of the stimuli by 

increasing the quantity and variety of the picture elements: The CA and random images 

have up to four colours with a resolution of just over 4 million pixels (with dimensions 

2048 × 2048 pixels). Finally, test 3 uses images of art and design artefacts scanned at high 

resolution (around 35 million pixels) and with full colour (using RGB colour space, up to 

16 million colours). Test 3 takes place in two locations – the psychology laboratory and the 

art gallery – which are presented as tests 3a and 3b respectively. 
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The relationship of the chosen methods to the structure of this project can be 

illustrated by reference to the working model of aesthetics. Figure 65 shows how the 

methods relate to the model. On the side of aesthetic production (between artist and 

artwork), the method is to make and collect visual material for use in the tests. The test 

design is informed by the mapping of current practice (in the artworld) via the contextual 

review. The tests use two methods to measure visual complexity: Objective complexity (of 

the artwork) is measured with the file-compression method, and subjective complexity (the 

perception of the audience) is measured with the MES method. The perceptions of the 

participants are further elaborated through interviews and qualitative analysis. In this way, 

the methodology approaches both sides of the aesthetic in the model – aesthetic 

production and aesthetic perception, whilst the methods investigate both objective and 

subjective aesthetic properties of visual complexity. 

Figure 65 Diagram to show how the methods relate to the working model of aesthetics. 
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Chapter 4 

Investigating the Spectrum of  Visual 

Complexity 

Trial 1: Objective Measure 
Phase one of the method trial examines the objective measure of visual complexity. 

We use Donderi’s (2006a) measure of image complexity on images of Wolfram’s 

‘elementary’ cellular automata (eCA). Using CA images has a few benefits: Firstly, it offers a 

convenient method of generating manipulable stimuli; it is relatively easy to generate these 

images in any colours or dimensions. Secondly, we can be confident that the images 

represent a wide range of complexity (as mapped out by Langton and Wolfram), and the 

relatively small number of eCA rules means that we can produce images of all of the 256 

patterns in this type of CA. Lastly, it makes for an easy comparison of results against the 

findings of Wolfram (1984) and Langton (1990). Using CA as test stimuli also has the 

advantage of providing images that avoid the confounding factor of familiarity (Forsythe, 

2008), since these types of pattern are not widely known to the general public and are 

scarcely seen in contemporary visual art. 

A set of all 256 ‘elementary’ cellular automata is generated by writing a Mathematica 

program. The eCA images have just two colours (black and white) and each has 

dimensions of 100×100 pixels. The compressed PNG image files range in size from 96 to 

1,500 bytes. Figure 66 shows the set of images arranged in order of their rule number, from 

0 at the top left to 255 at bottom right. With this type of CA, there are many more regular 

patterns than random ones, therefore some pattern types are over-represented in this set. 

In subsequent tests, a selection of CA stimuli is made by sampling from equidistant points 

along the range of file sizes, avoiding the duplication of similar images. 
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Figure 66 Images of all 256 elementary cellular automata, sorted by rule number. 

When the set of compressed image files is sorted by size, the result is the 

arrangement shown in Figure 67. It is readily apparent that the clustering of image types 

mirrors Langton’s arrangement of Wolfram’s four complexity classes: The simple, uniform 

images come first, 12 followed by increasingly complex repetitive patterns, and finally the 

most random images are found at the end. Between the regions of order and chaos are a 

few complex images that have elements of order and randomness. 

                                                 
12 It seems that the reason for black images coming before white is a quirk of the sorting system because both 

black and white uniform images are 96 bytes (768 bits) in size. These are all bi-level images, which use only 

one bit per pixel to store colour information, and so it takes no more information to store ‘white’ than ‘black’.  
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Figure 67 Images of all 256 elementary cellular automata, sorted by file size. 

Note that the images with the largest size are fairly smooth in texture, whereas the 

more lumpy-looking images are those between the regions of order and chaos. The lumpy 

ones look like that because they have a greater number of different patterns than the other 

images. If we judge the complexity of images by the size of their description, as we said 

earlier, then these lumpy-looking images are the most complex. Because these images 

contain some regularity as well as randomness, they do not produce the largest files, since a 

regular pattern is compressible. The file-size measure is in agreement with Wolfram’s 

classification and Langton’s ordering, but because of this we also see how the measure is 

similarly inconsistent with our intuitive understanding of visual complexity. 
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In one sense this result is trivial, since it could have been predicted by anyone who 

understands image file compression. On the other hand, it is surprising to see such a close 

match between different schemas from experimental psychology and complexity science. 

As far as the literature review reveals, this trial is the first time that data compression has 

been used as a measure of cellular automata complexity, and provides the first direct link 

between the information-theory measure of visual complexity and Wolfram’s (2002) and 

Langton’s (1991) complexity schemas. As such, it may constitute a contribution to 

knowledge, though the potential application of this finding is as yet uncertain. 

What links the complexity schemas with the file-compression measure of complexity, 

and explains the result of this trial, is the concept of order as developed in information 

theory (Shannon, 1948). What this means is that the objective measure of visual complexity 

is actually a measure of randomness (or ‘entropy’ as Shannon called it), and is not 

necessarily a measure of complexity as we perceive it. This might not be a problem for the 

current investigation, though, since it still provides a practicable method which not only 

accords with models from complexity theory but which is also robust and clearly 

understandable. It also supports the idea that complexity can be understood as a mixture of 

order and randomness, since we find the most complex images between these regions. 

Nevertheless, the implication is that the correlation which Donderi found between file size 

and perceived complexity may break down for the most random images. This suggests two 

things: Firstly, that Donderi & McFadden (2004) only looked at relatively simple images, 

for which the correlation is strong because there is agreement between informational and 

intuitive measures of complexity for the lower part of these scales. Secondly it provides a 

reason for investigating a wider spectrum of visual complexity in order to resolve this 

concern and to contribute to the field by extending research into this area. In conclusion, 

we have validated the objective measure of visual complexity and discovered significant 

issues which will bear on the interpretation of subsequent test results. Next, we look at the 

use of cellular automata images in the measurement of perceived complexity. 
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Trial 2: Subjective Measure 
To check that cellular automata images are feasible to use as test stimuli for 

subjectively perceived complexity we performed an informal test. Sixteen black and white 

images of cellular automata patterns, chosen from the set of 256 used in the previous trial, 

are selected to represent a range of complexity. The images are printed on A4 paper and 

laid out randomly on a table top. Five people (three PhD students and two members of 

staff from the School of Art & Design) were tasked with arranging the images in order of 

perceived complexity by physically laying-out the images in sequence. Figure 68 shows the 

averaged results. 

 
Figure 68 Image set used for the trial of the subjective measure, sorted in order of 

increasing perceived complexity from top left to bottom right. 
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results from tests in different locations implies that we can be confident in the collected 

data, whilst the strength of the correlations indicates that there are shared criteria being 

employed in these aesthetic judgements. Interviews with test participants elaborate these 

findings by examining the criteria employed in the tests, which is presented in next section. 

 
Table 22 Correlation between subjective ratings for tests 3A (left) and 3B (right). 

To find out whether there is a significant difference between the two tests, we 

perform a t-test. The results of this and other statistical tests are included in Table 23.  

Correlation T-test statistics Subjective ratings 
(geometric mean) 

r 

Mean 
difference 

t p 

Complexity 0.94 4.54 3.95 0.0001 

Preference 0.66 -0.49 -0.78 0.44 

Quality 0.80 -0.84 -1.12 0.26 

Table 23 Statistics for data of tests 3A and 3B. T-test is two-sided, p = 0.01. 

Considering that these two tests took place at different times and locations with 

many different participants, there is a surprising consistency in the subjective responses. 

The strongest correlation between the two tests is found in the complexity ratings. 

Nevertheless, there is a significant difference in complexity ratings between the tests (r = 

0.94, d.f. = 56, p < 0.01), but not for the other two ratings. The r value describes the 

consistency in the pattern of the rating, whereas the t value describes the difference 

between the ranges of numbers between the two groups. This means that both groups see 

the same images as being about the same relative complexity, but the scales used are quite 

different (t = 3.95, d.f. = 56, p < 0.01). Irrespective of the location, the two groups are 
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Figure 96 Images arranged by geometric mean scores of complexity (top), preference 

(middle) and quality (bottom) for combined results of tests A and B. 
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The most complex rated image is a drawing by Bommsoon Lee, and the majority of 

the images in the top twenty rated as most complex are my own which aimed for the 

threshold of visual complexity. The image rated highest for both preference and quality is 

one I created with Draves’ Fractal Flames algorithm, which did rather resemble a flame with 

its curling red and orange irregular fractal forms. It is interesting to note that the repetitive 

patterned textiles were not rated amongst the most simple. A blue and white ‘non-repeating 

pattern’ textile is rated as medium complexity, whereas a similar orange textile with less 

contrast is rated far lower, suggesting the perception of an overall texture in the latter case 

which lowers its perceived complexity. 

When the data from test3a and 3b are combined, the strongest correlation between 

subjective ratings is found between complexity and quality (Table 24). The correlation 

between quality and preference is very similar, which is what we have come to expect, 

because people tend to like the things that they perceive to be good. That between 

preference and complexity is around half as strong, in line with the results of previous tests.  

 
Table 24 Correlations between subjective ratings (geometric mean scores) for tests 3a 

and 3b combined. 

Regression analysis for the combined results of Tests 3a and 3b are illustrated in 

Figure 97. The coefficient of determination (R2) is a value between 0 and 1 that expresses 

how well the predicted values match the actual data. Given that there is almost no 

correlation between objective and subjective measures of complexity in our data, we are 

unlikely to find a good fit to the data. Although graphs in Figure 97 appear to show an 

inverted U shape, the poor correlation and weak R squared value means that there is 
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practically no relationship between the file compression measure of complexity and these 

aesthetic judgements. This is also clearly seen in the distribution of data points. 

 
Figure 97 Plots of compression ratio vs. geometric mean scores (no units). 

The analysis in Table 25 shows what we expected: Each pair of objective and 

subjective scores has an R2 value less than 0.1, which means that the best-fitting equations 

fail to estimate our data, probably because it is so poorly correlated. Similar results are 

found for first, second and third-order polynomials. This means that the file compression 

measure of visual complexity has failed to work with these images from art and design, 

unlike its success with the sets of cellular automata and random images in the previous 

tests. The likely reason for the poor correlation with this sample of images is due to their 

great variety. Whilst this variety was one of the test objectives, with the aim of representing 

a wide range of visual complexity, the difference between types of media and styles of 

artwork appears to have provided extra variables that have masked the relationship 

between file size and aesthetic judgements that we found in the earlier tests on more 

homogeneous visual material. 

Co
m

pl
ex

ity
 

Pr
ef

er
en

ce
 

Q
ua

lit
y 

TIFF PNG JPEG 



Visual Complexity and Aesthetic Judgement  Test 3 Findings 

 263  

File size Compression ratio (virtual) Subjective ratings 
(geometric mean) 

TIFF PNG JPEG TIFF PNG JPEG 

Complexity 0.051 0.053 0.012 0.072 0.075 0.080 

Preference 0.084 0.083 0.096 0.023 0.023 0.021 

Quality 0.061 0.065 0.045 0.024 0.027 0.051 

Table 25 Coefficients of determination for subjective ratings and objective measures 

of image complexity. 

Artists vs. Non-Artists 

Comparative graphs of the combined Test 3 data for art-trained and untrained 

groups of participants are presented in Figure 98. The slopes indicate a significant 

difference for all three ratings, with art-trained participants rating consistently higher. 

 
Figure 98 Art-trained (blue / A-T) and untrained (red / U-T) ratings for tests 3A and 

3B combined. Top: rank order file size (x-axis, bytes) vs GM scores (y-axis, no units). 

Bottom: Correlations between art-trained and untrained participants. 

The results of statistical tests are presented in Table 23, which confirms that all three 

ratings are positively correlated between art-trained and untrained participants, with a 
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strong correlation for complexity ratings (r = 0.90) and a weaker correlation for preference 

(r = 0.59). There is a significant difference between the groups: art-trained participants gave 

consistently higher scores for all three ratings (e.g. for complexity t = 5.66, d.f. = 56, p < 

0.01). This finding is unexpected. We found in Test 2 that artists rated higher for 

preference alone, and we find it hard to explain this result when it might seem reasonable 

to think that the artists’ greater exposure to visual material and familiarity with aesthetic 

judgement would result in more critical, lower ratings overall. Test 2 findings also 

suggested that perceived complexity is less variable than judgements of preference, but this 

is cast into doubt with the results of Test 3. We are thus unable to account for the finding 

that art-training appears to correspond with higher ratings for all three aesthetic 

judgements – complexity, preference and quality. It is possible that art training equips an 

art audience with more criteria with which to find virtue in images, or that it relates to a 

greater capacity to perceive aesthetic information and a greater aesthetic sensitivity. 

Correlation T-test statistics Subjective ratings 
(geometric mean) 

r 

Mean 
difference 

t p 

Complexity 0.90 6.65 5.66 2 × 10 -7 

Preference 0.59 5.05 7.81 8 × 10 -12 

Quality 0.72 6.15 7.91 6 × 10 -12 

Table 26 Statistics for data from the art-trained and untrained participants. T-test is 

two-sided, p = 0.01. 

Hypothesis Evaluation 
We return to the test hypotheses to see how they fared in light of the test 3 results: 

1. Image file compression will correlate with judgements of complexity. 

We failed to find any notable correlation between file compression and judgements 

of complexity. It seems that the sample of visual material in this test was so varied that it 

masked the correlation with file compression that was found in earlier test results. 
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2. Familiarity with art and design will correspond with lower ratings of complexity. 

We found the reverse in Test 3, in which ratings by art-trained participants were 

consistently higher on average than untrained participants, not just for complexity but for 

judgements of preference and quality also. 

3. The test environment will not affect aesthetic judgements. 

The results show that the test location significantly affected only perceived 

complexity, and not judgements of preference and quality. 

Summary 
Overall, the results of Test 3 are quite negative: they failed to support any of the 

three hypotheses or show a significant correlation of compressed file size with aesthetic 

judgements of complexity, preference and quality. The poor correlation is not what we 

expected, given the results of the earlier tests, but it does make some sense if we take into 

account the variety of the visual material used for the test stimuli which appears to have 

masked the previously found correlation. We cannot say at this time whether this means 

that the file compression measure is unsuitable for art and design images in general or 

whether it failed only for the sample used in the current project. The relative success of the 

methods with CA and random images in Tests 1 and 2 suggests that the problem lies with 

the choice of stimuli in Test 3, and that we should not rule out the file compression 

method for further testing in future. 

Art-experience appears to have increased the overall ratings of aesthetic judgements, 

a finding we are unable to explain at present, especially as it conflicts with the results of 

tests 1 and 2 for which art-experience only influenced judgements of preference. The test 

location significantly affected judgements of complexity, probably due to the difference in 

viewing conditions: Ratings in the art gallery, where the participants could more easily 

determine their own viewing distance from the gallery walls, were lower than those of the 
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closer and less-variable viewing range in the psychology lab. The difference in rating scales 

is perhaps due to the increased detail that becomes perceivable at closer ranges. 

The use of compression ratio as an alternative to the file-size measure of image 

complexity is demonstrated to be potentially viable, although its effectiveness could be 

more reliably established with further tests. The advantage of the compression ratio is that 

it is more informative (it indicates the amount of randomness) and more comparable 

between tests. In regard to the proposed virtual compression ratio as a potential solution to 

the problems with image borders, it appears to be sound in theory and it did re-arrange the 

files as intended, but made surprisingly little difference to results in practice. This is 

probably due to the variation in stimuli and the low statistical correlation in the present 

data which likely obscured its potential value in this application. 

Despite the poor correlation with file compression, there is a stronger correlation 

between subjective ratings, particularly between complexity and quality. This pattern is 

fairly consistent between different test locations and between groups of subjects. The 

statistical relationship is supported by the interviews with participants who reported the use 

of similar criteria in evaluating these two aesthetic properties. Both visual complexity and 

artistic quality are judged in relation to the difficulty of making and understanding an 

artwork in terms of the time and effort required. This is a significant finding because it 

constitutes empirical support for the central thesis of this research project, namely that 

visual complexity is a significant factor in the aesthetic value of visual art and design. The 

finding therefore makes a contribution to knowledge. 
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Chapter 6 

Conclusions 

Summary of Findings 
At the beginning of this thesis, we considered the variety of patterns in our local 

environment. It seems that the size of the area occupied by a particular type of pattern is 

inversely proportional to its visual complexity. The largest areas, such as sky and walls, have 

the simplest patterns. Next-most common are likely to be repetitive patterns – either 

regular (clothing and furnishings), or irregular and chaotic (grass, rock, foliage). The most 

visually complex artefacts are likely to occupy the smallest areas. This relates to the 

information theory conception of complexity in terms of probability and predictability. 

Information is quantified in terms of its predictability, and complexity is less predictable 

than order. By this conception, however, randomness is less predictable and so it has 

greater statistical information than complexity. Therefore an information-based measure 

fails to describe our intuitive understanding of complexity, which to us has greater 

meaningful information than randomness. This problem has been central to the current 

project, and forms the basis of its contribution to knowledge. The following sections 

provide an account of the ways in which it has dealt with this issue. Firstly, we summarize 

the findings by answering the research questions, and identify the contribution to 

knowledge. Then we discuss particular implications of the contribution in further depth, 

and outline the impact of the research on my art practice. Finally, we identify potential 

opportunities for future research in development from the current project. 

Answers to Research Questions 
In this section, we collate the findings of this project by answering the research 

questions which were formulated at the end of the first chapter (discussed pp.10–13 and 
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listed p.46). The following sections are grouped as were the research questions, by the 

research stages adapted from the model of Phillips and Pugh (2000). 

Focal Theory 

Visual complexity appears to be interesting because the perception of complexity is a 

demanding perceptual task. Faced with a complex visual array, we engage in perceptual 

processes such as edge-detection and pattern-detection, and since visual complexity is 

related to the quantity, variety and order of perceived edges and patterns, a more complex 

image may provide a more satisfying aesthetic experience. The reason for the high 

complexity amongst artworks may be that artists made this discovery intuitively and 

worked to take advantage of successful experiments in visual complexity. Certainly, the 

evidence of Pollock’s gradually-increasing fractal complexity in his drip paintings would 

support this idea. Another reason for complexity in art may stem from the representation 

of the natural world, which contains complex patterns of many varieties. On the other 

hand, non-representational art tends to be less visually complex, and is none the less 

aesthetically valuable for it. We identified minimalism as the movement that most closely 

associates its theory and practice with the concept of aesthetic complexity, albeit with the 

result of a reduction towards the simpler end of the spectrum. 

The study of contemporary art practice indicates that minimalism is manifest at 

various stages of the creative process, and also that simple processes can produce complex 

aesthetic perceptions. These finding appears to have been made almost concurrently in 

empirical aesthetics and in the arts shortly after the introduction of information theory, as 

evidenced in the work of Attneave, Moles, Bense and Nake. From information aesthetics 

also came the complementary realization that detailed randomness or chaos can produce 

perceptual effects of simple textures, an idea which is incorporated in Bense’s micro-

aesthetics and is currently employed by contemporary musicians and visual artists such as 

Carsten Nicolai and Mark Fell. The concept of aesthetic information thus provides as 

useful a framework for creative approaches to the production and perception of visual 
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complexity as it does for the scientific approach, for which it offers a scale of measurement 

than can be applied to aesthetic properties and perceptions. 

Contextual Theory 

Complex systems theory generally understands complexity as the difficulty of making 

or describing something, and it measures this difficulty in terms of time, effort or cost. A 

more complex object takes more time or effort to describe, and so the size of a description 

is an indication of complexity. Donderi’s (2000) file compression of digital image files 

constitutes a basic measure of complexity which equates to the shortest description of an 

image based on an array of coloured pixels. We identified the fundamental components of 

visual complexity as being the quantity, variety and order of visual elements, and these are 

exactly the properties encoded by digital image files, which describe the number, colour 

and arrangement of pixels. Quantity and variety of elements have a simple proportional 

relationship to complexity, whereas order is a more subtle matter. Because the file-

compression measure is based on the information theory concept of redundancy, the scale 

of order it furnishes is a measure of randomness (entropy, redundancy, and 

incompressibility). This means that the file compression measure does not accord with our 

intuitive notion of complexity, because we perceive randomness as a simple texture, for 

example. The hypothesized relationship between the compression of image files and the 

perception of visual complexity, made by Wolfram (2002) and Donderi (2006a), suggests 

that we should find an inverted U correlation. Donderi and McFadden’s (2004) and 

Besner’s (2007) experiments failed to provide evidence for this hypothesis and left a gap in 

knowledge. 

Whereas empirical aesthetics is a small but flourishing area of current research in 

perception, contemporary aesthetic discourse has disengaged with perception in its theory 

and to some extent in its practice, such as in Bourriaud’s relational aesthetics (2002). The 

model with currency in today’s artworld is the institutional theory, which successfully defies 

the neo-Wittgensteinian challenge of defining art posed by Weitz (1956). Dickie’s art circle 
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(1997) does this by describing the mechanism of the artworld rather than the properties of 

artworks, but it does so at the expense of providing a satisfying explanation to the 

significant aesthetic questions of why we value art and what counts as aesthetic value. Part 

of the justification for the focus of the current project is to re-assess perceptual aesthetics, 

concentrating on the aesthetic property of visual complexity. The justification for 

investigating complexity is that it captures much of the essential information in pictures 

because it is based on the fundamental attributes of quantity, variety and order of picture 

elements. 

Research in vision shows that the perception of complexity largely depends on pre-

conscious processing in the retina, where the edge-detection mechanism of receptive fields 

of photoreceptors ultimately gives rise to the perception of recognizable shapes. Marr 

(1982) formulated an understanding of vision in terms of the information-processing of 

edge-detection and the formation of visual percepts, which allows for a computational 

approach to aesthetic perception. Marr’s perceptual theory provides a framework that 

justifies the computational approach of Donderi and McFadden (2004), and thus supports 

this project’s methodology which employs the file-compression method pioneered by 

Donderi. 

Data Theory 

The methodology aims to approach both sides of the aesthetic identified in the 

working model – the sites of aesthetic production and perception. Aesthetic production is 

approached through creative experimentation in art practice and by collecting samples of 

contemporary work from artists and designers. Aesthetic perception is approached 

empirically by using the visual material created and collected as the basis of stimuli in 

aesthetic tests. With this material, we can measure both objective and subjective 

complexity, and test the hypothesis of the inverted U correlation between information-

based and perceived complexity. We aim to identify whether there is a perceptual threshold 

to visual complexity by mapping the perception to a wide spectrum of complexity using 
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cellular automata and random images. Later tests use images of the collected artwork to 

establish whether the measure would work for the aesthetics of art and design. The design 

and execution of the tests gain validity from the success of trials with the aesthetic 

measures. Although the ability to transfer conclusions back to the larger population is 

restricted by the small sample sizes in these tests, they are sufficient enough to be confident 

in the results obtained, as evidenced in the statistical analyses, and are comparable to a 

number of the professional empirical studies cited in this thesis. 

The results of the first two tests with CA and random images show strong evidence 

for the hypothetical inverted U correlation between image file compression and perceived 

complexity. In Tests 1 and 2 there is little sign of a unified response to preference for levels 

of complexity, with only a slight preference for higher complexity amongst art-trained 

participants. There is a significant difference in ratings between art-trained and untrained 

participants, with artists rating higher for preference in Test 2. In Test 3 artists rated higher 

for all three ratings. 

The two locations of Test 3 appear to make a significant difference to complexity 

ratings but not to preference or quality. Complexity ratings are highly correlated in the 

ranking of images between tests 3a and 3b, but the scales used by participants are 

significantly lower in the context of the art gallery (Test 3b), which implies that more visual 

complexity is perceived at the closer viewing distance in the psychology lab (Test 3a). 

Overall, the file-compression measure fails to reveal a significant correlation with any of 

the three aesthetic ratings in Test 3. Nevertheless, the correlation between subjective 

ratings indicates a positive connection between visual complexity and aesthetic value, 

whether or not it involves conscious perception. This finding is supported by the 

qualitative analysis, which identifies the criteria behind the aesthetic judgements of 

complexity and quality. The interview analysis also supports the idea that complex images 

engage us because we have to work at understanding them and because we find pleasure in 

this task – we are rewarded aesthetically for the perceptual effort. The results of the 
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qualitative analysis suggest that we find complex images rewarding because it is related to 

the understanding that visual complexity is evidence of skill and effort on the part of the 

maker. 

Contribution to Knowledge 
The material critically reviewed in this study constitutes a mapping of contemporary 

aesthetic practice relating specifically to the area of visual complexity. The review presents 

an organised account of theory and practice across the boundaries of three fields: 

philosophical aesthetics and art discourse, empirical aesthetics, and art practice. A 

contribution to knowledge is made with this up-to-date mapping of visual complexity 

which integrates knowledge from separate disciplines and applies it to current 

understanding of art and design practice. An argument is made for the re-assessment of 

perceptual aesthetics, with the view that it has the potential to supplement the weak 

explanatory power of contemporary aesthetic theories of art. The argument is supported 

with empirical evidence, which takes the form of the following contributions: 

The results of the first experimental trial with the file-compression measure of 

complexity on images of cellular automata reveal a direct connection between this 

information-based measure and schemas of complexity from systems theory. The reasons 

for the correspondence lie in the equivalence of the underlying scales in terms of measuring 

complexity by difficulty of description. Although this finding seems almost trivial given the 

wide understanding of these principles, it nevertheless makes a small but original 

contribution to knowledge by providing clear empirical evidence for the relationship 

between these two specific concepts of complexity, and possibly constitutes the first 

measurement of cellular automata programs by the file-compression method. 

Test 1 and Test 2 provide empirical evidence for the hypothetical inverted U 

correlation between file compression and perceived complexity. Against the findings of 

Besner (2007), which were interpreted as inconclusive, these results constitute an original 
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contribution to knowledge, as being the first hard evidence for this correlation. We found 

no strong evidence for a similar correlation between visual complexity and aesthetic 

preference with the images in these tests. 

It was assumed that Test 3 would similarly prove the effectiveness of the file-

compression measure for images from art and design, as it had in the case of CA and 

random images, but the results fail to support this idea. There was no evidence of the 

correlation of objective visual complexity and subjective aesthetic judgements, which 

indicates that either the measure may not work for art and design, or simply that it failed to 

work with the sample in this test. Given the success in earlier tests, the latter is deemed to 

be the more likely explanation. Nevertheless, we did find evidence of a relationship 

between visual complexity and aesthetic value, based primarily on the correlation of 

subjective aesthetic ratings. This is supported by evidence of shared evaluative criteria 

being employed for judgements of both complexity and quality, based on the analysis of 

participant interviews. Against the failure to find meaningful results from the file-

compression measure, the findings of this relationship between visual complexity and 

aesthetic value constitute another contribution to knowledge. 

Through the quantitative analysis, we find a positive correlation between the 

objective measure of visual complexity (based on the data compression of image files) and 

the subjective perception of complexity (measured with MES). We also find a correlation 

between subjective ratings of visual complexity and aesthetic value (‘quality’). Although we 

can determine fairly precisely the strength and direction of these correlations, the statistics 

tell us nothing about the reasons why. The qualitative analysis sheds light on the matter by 

indicating that there are shared criteria between complexity and quality. It suggests that the 

aesthetic properties that constitute the perception of complexity are interpreted as signs of 

skill, effort or difficulty in the production of an artwork and, further, that visual complexity 

also involves skill, effort or difficulty in its perception. The understanding of visual 

complexity in terms of the difficulty of its production and perception also relates to the 
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file-compression measure, which we can understand as a measure of the difficulty of 

description. This is because it is a measure based on the size of the shortest possible 

description which is in turn based on the quantity, variety and order of pixels (how many, 

which colours, and where). The qualitative analysis reveals that a majority of the criteria 

involved in the perception of complexity can be classified in the same terms, namely the 

quantity, variety and order of picture elements. 

In summary, the knowledge we have gained about visual complexity in this project 

can be characterised as a theory which is both descriptive and explanatory. The theory 

allows us to organise our understanding of visual complexity and to use this knowledge in 

predicting how a given image will be perceived, which has applications for both empirical 

and creative approaches to complexity. In this way, the study’s contribution to knowledge 

serves as the basis for action in both the scientific analysis and the creative exploration of 

the aesthetics of visual complexity. 

Implications 
Measures of Complexity 
With our current understanding of visual complexity, we can try to integrate some of 

the key theoretical models cited in this thesis, in particular the various measures of 

complexity and their relation to aesthetic perception. From the combination of Dodgson’s 

(2008) and Attneave’s (1959b) findings, we have the suggestion that in terms of the 

spectrum of complexity measured by file compression ratio, there is a region of visual 

appeal between the values of 0.2–0.5, or around one fifth to one half randomness. In 

addition, this region appears to include a perceptual threshold beyond which we cannot 

identify structural regularity. The region of visual appeal is illustrated in Figure 99, in 

conjunction with Langton’s (1990) lambda parameter graph with Wolfram’s (2002) four 

complexity classes mapped out. The figure also shows black and white images of 

elementary cellular automata arranged in order of increasing file size from left to right. The 



Conclusions  Implications 

 275  

leftmost image is a uniform black, the images in the centre are cellular automata patterns, 

and the image on the right is random. Arrows from these images indicate their approximate 

distribution on the scale of complexity measured by compression ratio and also their 

position relative to Langton and Wolfram’s mapping of complexity classes. 

 
Figure 99 An informational scale of order–randomness and compression ratio (top), 

Langton’s lambda parameter with Wolfram’s complexity classes (middle), and 

corresponding examples of elementary CA images (bottom). 
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One of the findings of this project is that by simply sorting these images by file size, 

we end up with an arrangement identical to Langton’s and Wolfram’s maps of complexity. 

Figure 99 shows that the positions of the images correspond to the levels of complexity in 

Langton’s graph and to the compression ratio scale above it. This is especially evident 

when using the same cellular automata that Wolfram used – the relatively simple 

elementary CA. The results of the trial with the file-compression measure provide empirical 

evidence of the fundamental equivalence of this information-based scale of visual 

complexity with measures established in the field of complex systems theory. 

If we compare the complexity spectra represented in Figure 99 with the results of 

this project, there is no such peak in preference for complexity in any of the three tests, but 

we do find a similar peaked correlation between objective (file compression) and subjective 

(MES) complexity for the sets of cellular automata and random images. Using the 

compression ratio rather than the file size allows us to map the results back onto these 

models. Comparison with the test 2 results (Figure 100, red), which gave one of the best 

correlations between file compression and perceived complexity, shows a grouping of data 

points near the lower end of the compression scale and the correlation curve is pushed to 

the left. The reason for this is probably that these four-colour images produced much 

smaller files than the uncompressed file size which is used in the calculation of 

compression ratio. Therefore the range is artificially compressed because in fact the set did 

include completely random images but they were relatively small (in contrast, many-

coloured random images do approach this theoretical maximum file size). The range of file 

compression in test 3 is much greater (Figure 100, green), but the result is a negligible 

correlation with perceived complexity, and the illustrated curve fits the data so poorly that 

it should be disregarded. Nevertheless, the results of tests 1 and 2 still provide empirical 

evidence for the U-shaped correlation between perceived and information-based visual 

complexity. 
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Figure 100 Test 2 (red) and test 3 (green) results – complexity ratings vs. TIFF 

compression ratio, compared to Langton and Wolfram’s mapping. 

Visual Information 
There is a close connection between our understanding of complexity, beauty and 

consciousness. All three have been described in terms of unity and diversity of visual 

information: Complexity is a structural unity of many different parts; consciousness – the 

basis of perception – is a state of unification amongst the diverse areas of the brain 

(Massimi et al., 2005); and beauty is found in the unified perception of visual elements in a 

complex image. 

In visual complexity, there is also a connection between its perception and its 

measurement, since both involve pattern recognition. Data compression, which provides 

the basis of our objective measure of complexity, also involves a form of pattern 

recognition; repeating patterns of data are redundancies that can be compressed. Not only 

does this explain why digital image file compression can be used as a measure of visual 

complexity, but it also suggests that some form of data compression is involved in visual 

perception. Both Attneave’s “perception as economical description” (1954, p.189) and 

Wolfram’s account of visual complexity as failure of perception to extract a short 

Compression Ratio
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description (2003, p.559) support this idea. An explanation along these lines is required to 

account for the biology of the visual system: The retina processes visual information from 

130 million photoreceptors and sends it to the brain along only 1.2 million ganglion cells in 

the optic nerve. Somehow, this visual information undergoes a hundred-fold reduction in 

the process of perception. David Marr’s computational model of receptive fields explains 

how information from groups of sensory elements is processed to higher-order perceptual 

constructs such as edges and blobs. So it seems likely that this hundred-fold decrease in 

visual information somehow undergoes a data-compression operation. Whether these 

processes actually occur in perception, or whether that is merely our best hope of 

understanding the phenomenon, is a question that may soon be answered as the science of 

perception advances. 

We have seen how information theory offers a crude but effective measurement of 

complexity. The information-theoretical approach to aesthetics treats visual complexity as 

an aspect of communication in which the complexity of a message is related to the 

difficulty of encoding, transmitting and receiving it. This ‘difficulty’ is quantified in terms of 

the probability of producing or guessing the message. A statistically unlikely or unknown 

message has high information content, whereas a probable or predictable message has low 

information content. ‘Message’ is an abstract term that can stand for any transmitted 

information, whether a spoken language or visual material. In this sense, what information is 

is unspecified, yet we are still able to say how much information is present in a message: 

Information theory measures the amount of information in an observation as the 

negative logarithm of its probability. Information itself is never rigorously defined; it is 

only quantified. (Crutchfield, 1990) 

The nearest thing to a definition of information is perhaps the one offered by 

Gregory Bateson: Information is “a difference which makes a difference” (2002, p.459). 

Only things that make a meaningful difference contribute new information, and this is 

always relative to the receiver of the information. Bateson considers this understanding of 



Conclusions  Implications 

 279  

information to bridge the gap between map and territory, or between representation and 

reality. Bateson says that perceived differences are “the sort of “thing” that gets onto the 

map from the territory” (2002, p. 458). We might also say that these mapped features are 

also affordances (Gibson, 1986) because they are the perceived differences which can be 

acted upon. In terms of visual complexity, the features that are mapped in empirical 

investigation are those perceivable features of artworks that make a meaningful difference 

and which can be acted upon in terms of aesthetic judgement. Attneave (1971) understood 

visual complexity as a property involving comparison (a ‘collative variable’), which 

therefore depends on the perception of differences: “How complex a pattern is judged to 

be depends on the existence, extent and direction of differences along its simultaneously 

presented elements” (1971, pp.106–107). Through the computational approach, we have 

identified quantity, variety and order of elements as the essential variables in the perception 

and measurement of visual complexity. These are the critical properties that constitute 

digital image files, but they are also the most pertinent perceptual features. The relationship 

between a work of visual art (the territory) and a digital representation of the artwork (the 

map) is bridged by Bateson’s understanding of information and Gibson’s concept of 

affordances. The features common to both map and territory are those that are most 

significant to the map-maker and map-reader. 

The Spectrum of Complexity and the Window of 
Visibility 

The computational model of visual complexity developed in this thesis allows for 

predictions to be generated and tested. It was predicted that with the objective measure of 

visual complexity (based on image file compression), images at opposite ends of the scale 

would be perceptually similar, i.e. that the objectively simplest and the most complex 

images would be perceived subjectively to be equally complex (both perceived as simple 

images). The relationship between the objective measure and the subjective perception of 

visual complexity is expressed in graphical form as a curve – an inverted U shape. Findings 



Conclusions  Implications 

 280  

in perception research offer an explanation for the U-shape correlation between objective 

aesthetic properties and subjectively perceived visual complexity: 

Campbell & Robson (1968) plotted the contrast sensitivity function (CSF), which is a 

perceptual threshold based on contrast and spatial frequency (detail). The CSF describes 

the limits of perception – the point at which details become too small and/or have too 

little contrast to be perceived. Campbell & Robson used sinusoidal grating images, which 

vary from black to white in smooth gradations of contrast and spatial frequency. Figure 

101 illustrates such an image, with contrast increasing from top to bottom, and spatial 

frequency increasing from left to right. We perceive contrast only above a certain 

threshold, and we are more sensitive to middle values of spatial frequency (peaking at 

around 4 cycles per degree), with the result that the CSF produces a curve which describes 

an inverted U shape. This curve is not illustrated explicitly in Figure 101 because it varies 

for each individual, but it can be perceived as the border between the visibly stripy areas 

and the plain grey areas. We can notice this border changing as we alter the viewing 

distance; it appears lower at a greater distance. Other animals have greater sensitivity to 

contrast (for example, cats can see faint shadows that we cannot, so their CSF curve is 

higher than ours) or have greater resolving power (an eagle’s eyes perceive greater detail, 

which extends the CSF curve to the right), but somewhat surprisingly humans have the 

best overall CSF with the largest area under the curve. The area under the CSF curve 

describes the ranges of contrast and detail that we are able to perceive, and it is known as 

the ‘window of visibility’. 

In this project’s tests, the correlation of objective and subjective visual complexity 

measures also has an inverted U shape. This result is explained partly by the aspects of 

information theory and data compression discussed earlier, and partly by the CSF curve. 

The test stimuli sampled the objective spectrum of complexity from uniform to random. 

We find that images in the middle of this objective scale are perceived as the most 

complex. The simplest (uniform) and most complex (random) images, as measured by file-
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compression, correlate with the lowest values of perceived complexity. We can now 

consider these images in terms of the contrast sensitivity function. The simplest possible 

greyscale image (e.g. made of identical mid-grey pixels), has minimum spatial frequency and 

minimum contrast, and so it would be located at the top-left corner of the CSF diagram in 

Figure 101. Conversely, the most objectively complex greyscale image (composed of many 

different pixels, each of which is a random shade of grey from black to white) has high 

spatial frequency and high contrast, and so it would be located at the bottom-right corner 

of the CSF diagram. Therefore, both images lie just outside our window of visibility, which 

leads to a somewhat surprising conclusion: The simplest image and the most complex 

image (as defined by an informational measure of complexity such as file-compression) are 

perceptually indistinguishable from each other. 

 
Figure 101 Image showing variation in spatial frequency (increasing from left to right) 

and contrast (increasing from top to bottom). The areas that appear plain grey are 

patterns beyond the range of our perception in terms of these two attributes. 

Generally, the visibly stripy parts appear to form an inverted U shape (the CSF curve), 

the area beneath which equates to the ‘window of visibility’. 



Conclusions  Implications 

 282  

In this thesis, visual complexity is described as ‘a variety of patterns at different 

levels’. If we understand each possible pattern as having a particular spatial frequency and 

contrast (that is, as occupying a point under the CSF curve), then the window of visibility 

describes the range of patterns that are detectable by the visual system and hence 

potentially available to perception. In the results of our correlation between objective and 

subjective visual complexity, the inverted U-shape curve of the spectrum of complexity 

reflects the biological limitations of what is detectable and hence perceivable. 

The Spectrum of Complexity and Colour Spectra 
With the knowledge that the opposite ends of the informational scale of visual 

complexity are perceptually identical, we can understand visual complexity in a similar way 

to the understanding of colour. Like colour, visual complexity is an aesthetic property that 

has both objective and subjective aspects. Light is really ‘out there’ in an objective sense, 

and at the same time its phenomenal reality is tied to subjective perception. What we 

perceive in vision is a range of colours which can be grouped perceptually into ‘reds’, 

‘yellows’ and ‘blues’ etc., but visible light is just one part of a much larger spectrum of 

electromagnetic radiation. Similarly, we perceive a spectrum of visual complexity that has 

qualitatively distinct phases – order, repetition, complexity and chaos. In both cases, it is 

possible to measure the spectrum quantitatively – from infra-red to ultra-violet and from 

simple order to chaotic randomness. The objective colour spectrum can be observed in 

rainbows and in white light refracted by a prism. The analogous spectrum of complexity is 

represented by the schemas of Wolfram and Langton, and also by arranging image files in 

order of their data compression (p.176, Figure 67), all of which have at their core a concept 

of information. Data compression is actually quite a crude measure, but it is nevertheless 

particularly useful in organising visual material and in understanding visual complexity. 

In both colour and complexity, their objective scales of measurement form 

continuous ranges with distinct end-points, and yet in perceptual terms these end-points 

meet: The simplest image is a single block of colour, for example a uniform grey. The most 
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complex image would be composed of a great number of elements, each of a different 

colour, ordered randomly. As we discussed above, such an image is perceived as a uniform 

grey – identical to the simplest possible image. With this kind of perceptual scale, it makes 

sense to map it out as we perceive it. This is why we have colour-wheels for use in art and 

design; the circular format of the colour spectrum corresponds to our perception, and it 

makes more sense to present it this way than in the format of the objective colour 

spectrum, which is laid out linearly. The implication of this understanding of complexity is 

that the relationship of objective and subjective complexity is analogous to the relationship 

of objective and subjective properties of colour. Therefore, colour models are potentially 

useful in the understanding of complexity, and may perhaps be utilised in creative art 

practice and in the graphical representation of empirical complexity data. 

Maps, Measures and Models of Complexity 
To return to measures of complexity, we have found a distinction between 

information-based measures – such as AIC, MDL, and data compression – and intuitive 

concepts of complexity – such Gell-Mann’s effective complexity (EC). This distinction is 

most clearly expressed with the example of randomness, which is rated high by AIC and 

low by EC. The results of this project offer empirical evidence for the idea that the 

perception of visual complexity is more closely related to EC than to AIC: The file-

compression measure has been shown to be related to AIC, and performs as we expected, 

showing a correlation with perceived complexity of ordered images which diverges as 

images approach randomness. The images with the largest file size and lowest compression 

ratio appear to be almost random. Although they are rated highest by the objective 

measure, they are perceived to be fairly simple. 

We can understand this situation in terms of Bateson’s definition of information as 

“a difference that makes a difference” (2002 p.459). A random pattern provides an overall 

texture to an image that varies greatly from one element to the next, but which is generally 

quite consistent overall. This relates back to the description in Chapter 1 of randomness as 
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‘smooth’ variation and chaos as ‘lumpy’. If we were presented with two or three different 

random images made of black and white pixels, we would probably find it fairly difficult to 

distinguish between them. From the results we can also conclude that the perceived 

consistency of random images is dependent on their resolution; greater visible resolution 

makes a more consistent texture overall. Bateson’s definition offers an explanation for this: 

The ‘smooth’ differences in random patterns may be perceptually indistinguishable because 

these consistent differences (between adjacent picture elements) make little difference 

(overall) to us perceptually. In contrast, what we perceive as a complex image has lots of 

differences that do make a difference. Therefore, a complex image has lots of differentiable 

patterns at various scales, which are perceived as many interconnected levels of pictorial 

organisation. 

In constructing models of complexity, we must not forget that ‘the map is not the 

territory’. Bateson’s definition of information acts as a bridging statement between map 

and territory, between the model and that which is modelled. The things that we map are 

the perceivable features that make a difference to us. What makes it onto a map is not 

arbitrary – it is the stuff that actually matters. This is why medical artists are sometimes 

employed to draw instead of photograph features of illness and disease, because they are 

able to filter the available visual information and record what is most pertinent and useful 

for identification and treatment. The significance of Bateson’s bridging statement for this 

thesis is that the file-compression measure of visual complexity is based on an image file 

which is in effect a ‘map’ of a visual ‘territory’. The features encoded in this map are the 

number, colour and location of pixels, which are also the fundamental attributes of visual 

complexity as identified in this thesis (quantity, variety and order of picture elements), but 

more importantly they are precisely those features that make a difference to us. The 

implication is that the current projects’ methods are supported with this understanding of 

visual complexity and information by providing a theoretical bridge between the modelling 

or measuring of perception and its action in the real world. 
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Impact on My Art Practice 
This research project has had a mutually beneficial relationship with my art practice. 

While the practice supports the empirical research by providing visual material for testing, 

the research findings have also informed the practice and influenced its direction. In terms 

of disciplinary areas, my work has grown beyond fine art and towards design for products 

and decorative arts, while retaining mix of computational designs and craft techniques. My 

experience with the commissions for the Minster School and the Deutsche Bank, together 

with the findings of Taylor (2006) that certain fractal values can reduce physiological stress, 

are stimulating explorations of decorative pattern using cellular automata programs for 

potential application in workplace environments or even hospitals. The CA images would 

make a good basis for textile design, since the patterns can be made to repeat, or not, as the 

case requires. For 3D products, I have plans for a lampshade design based on a CA pattern 

to be made in translucent coloured acrylic, and a prototype is under construction in Lego 

bricks which is starting to look more interesting than the original design for laser-cut acrylic 

(Figure 102). 

 
Figure 102 Design sketch for lampshade based on Lego block cellular automata. 
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Even though I have been an amateur musician for some time, until recently music 

had never entered my art practice, except indirectly as a soundtrack to its making. In 2008 I 

showed around twelve artworks in the Gold Soundz exhibition curated by Geoff Diego 

Litherland which was themed around artwork “inspired by music, especially music played 

with guitars often quite loudly” (Figure 103). In addition to paintings, drawings and prints, 

which were mostly based on CA programs, my work included a digital animation. The 

video was based on the Electric Sheep fractals made with Draves’ Fractal Flames 

algorithm, and the soundtrack was commissioned from Dr. Torben Smith, a chemistry 

teacher and amateur electronic musician with experience in music for film. Since the 

animation formed a visual loop composed of three shorter cycles, the requirement for the 

music was that it should also loop around in time with the visuals. Torben’s music was 

based on the experience of a cycle of waking and sleeping when hitting the ‘snooze’ button 

on an alarm clock and the accompanying perceptual distortion of time. The aim of the 

animation was to explore the perceptual effect of Chion’s (1994) concept of synchresis, 

which had come to my attention through the contextual mapping in this project. The 

individual pieces were fine, but in combination the result lacked the synchresis effect. 

 
Figure 103 Gold Soundz exhibition (September, 2008), Southwell Artspace. 

Before working on these animations, my practice had not involved time-based media. 

The cellular automaton programs employed in the practice do involve an element of time 

in their computation, but in the artwork up until now this temporal dimension had been 

transformed into a spatial dimension. This sounds quite abstract, but actually all the images 
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of cellular automata in this thesis have this property – the vertical spatial dimension 

represents the temporal sequence of the pattern evolution. In the same way that the 

evolution of 1D CA is represented in two dimensions, some of my artwork involved 

representations of 2D CA in three dimensions. In contrast, this latest artwork explores the 

three dimensions of moving image, which involves 2D space plus time. 

 
Figure 104 S[4]n, (2009), digital animation, frame 278/9600. 

Some of the animations are created with the Fractal Flames algorithm have led to the 

conclusion that these forms may be fractal in time as well as fractal in space. As part of the 

Electric Sheep project, these animations are normally restricted to 128 frames and last just a 

few seconds. For my creative experiments I stretched out the animations by generating 

more frames, up to almost ten thousand in one case (Figure 104). As fractals, the shapes 

generated by this algorithm have a potentially infinite ‘depth’; one can zoom into an area to 

find more detail, and so on ad infinitum. I extended the duration of these animated images, 

which in effect is a magnification in time analogous to the magnification of spatial detail. 

The magnification in time of this fractal reveals greater detail that is otherwise un-
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perceivable; as the animation’s duration is extended, previously fuzzy areas are resolved 

into fast-moving particles or vibrating strings. The implication of this observation is that 

the animated forms produced by Drave’s algorithm are fractal in time as well as in space. 

This is not just a fractal distribution of events in time, as in the random pattern of noise 

bursts in audio circuits, but a kind of fractal motion. It means that whatever frame rate we 

choose to use with this algorithm, there will always be visible some parts moving quickly 

and some moving slowly – in fact, there will always be parts moving at all speeds, but we 

can only ever perceive part of this range. I intend to explore this further, to research the 

concept of time-fractals and to understand the algorithm in order to determine whether 

this is indeed the case and, if so, how it works. 

 
Figure 105 P32 t+r sb3, (2009), animation frame 17/2400. 

The current work is exploring techniques of sound design to generate audio for the 

animations. The idea is to control audio parameters with measurements of image properties 

derived from the analytical methods of this project. By measuring the file size of each 

frame of animation (such as Figure 104 and Figure 105), we have a value that can be used 

to modulate the pitch or tone of a sound at a time corresponding to that frame in the 

animation sequence. The result is a synchronisation of visual and musical elements. 

Similarly, the number of unique colours could be used, or any other aspect of digital image 

files that is able to be quantified can be mapped to any audio control parameter. In light of 

the discussion in Chapter 2 about synchresis and synaesthesia, we understand that any 

transformation between auditory and visual stimuli is ultimately arbitrary, but in this case 

the connection is grounded on a relation between objective properties, and the point is that 

we can use these processes to experiment with the subjective effects of synchresis. This 
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work is evidence of the ways in which the empirical research techniques and findings of 

this project contribute to the development of aesthetic practice. 

Future Directions 
Since the results of this project were inconclusive about the potential for the file-

compression measure with images of art and design, we cannot rule out the potential value 

of further investigations along these lines. In fact, the success of the measure up to the 

introduction of art and design images suggests that we should refine the tests to establish 

what led to the masking of the correlation in this case. Future refinements for tests 1 and 2 

would include the inclusion of greater randomness and finer detail in test stimuli in the 

perception of CA and random images, as well as the introduction of more numbers of 

colours. A repeat of test 3 would reduce the variety of styles and types of visual artefact 

whilst maintaining a wide spectrum of complexity. The lack of a wide objective spectrum 

of complexity in this sample is evidenced in the almost-vertical clustering of data points in 

the results of test 3, so we should address the issue in future. 

It would be interesting to explore more about the aesthetic production of complexity 

than could be accommodated in the current project. For instance, one idea for my own art 

practice is for a series of paintings to begin with a blank canvas and then to make each 

successive painting more complex than the last. This idea could be used to explore 

aesthetic production by setting it as a task to art students, perhaps creating one drawing per 

day in a sketchbook. The collected sketchbooks would offer a fascinating insight into ways 

of understanding aesthetic complexity. As a basic visual analysis, we could lay out the pages 

in sequence from beginning to end, that is, from the simple to the complex, with each 

student’s work in rows. Would we see the appearance of randomness anywhere in these 

complexity spectra, and might we find anything like the complexity classes of cellular 

automata? These appear to be potentially rewarding areas for future research. 
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It seems that the same methods and approach employed in the current project could 

be extended from visual art to music and be applied to an investigation of the aesthetic 

complexity of sound. Precisely the same psychophysical techniques would be applicable to 

the perception and measurement of audio stimuli as they were applied to visual stimuli. 

Similarly, the same technique of data compression could be used as the basis of a measure 

of audio file complexity. There are analogies between types of digital file for audio and 

visual applications: both come in lossy and non-lossy formats. Lossy compression discards 

perceptually insignificant information, and so there is a fundamental similarity between 

lossy JPEG image file compression and lossy MP3 audio file compression. A significant 

difference between audio complexity and visual complexity is that the former is time-based. 

In this project, we disregarded the temporal dimension in our study of visual aesthetics, 

though it was noted that complexity is related to difficulty of description in terms of the 

time it takes to create or understand it. In one sense, musical analysis might be simpler 

because it is oriented mainly along this single temporal dimension, which simply encodes a 

series of positive and negative values which express the amplitude of a waveform (and the 

movement of a speaker cone). This might make it seem less complex than encoding two-

dimensional images, but the variety of perceived pitches, timbres and rhythms make sound 

a highly complex perceptual phenomenon. Whether a simple file-compression measure 

could effectively capture this audio complexity, and whether it might correlate with 

perceptions of musical complexity, are identified as potential areas for further investigation. 

With the experience and techniques developed in the current project, it would be a natural 

progression and a relatively small step to change focus from the aesthetics of visual 

complexity to the complexity of music and sound. 

With a refinement of the current findings on visual complexity, and potential work 

on audio complexity, we would have a platform to investigate more fully the perception of 

aesthetic complexity in audio-visual media. It is possible that the effect of synchresis is 

sensitive to complexity. My hypothesis is that the perceptual effect is strongest when the 
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levels of complexity in the image and sound are approximately the same, whether at a static 

level or varying synchronously. This hypothesis is based on my experience and on the 

analysis and evaluation of the examples of art practice evidenced in this thesis. If we could 

establish the measurement of audio-visual complexity with file-compression and measure 

the aesthetic perception of synchresis with MES, we would be able to investigate the 

relationship between the two. 

As a final word to this thesis, we can say that the visual complexity of artwork 

affords the opportunity of aesthetic exploration, but too little can be dull, and too much 

can be confusing. Like life on earth, the practice of art is an endlessly creative and 

increasingly complex activity. Art offers an opportunity for both artists and audiences to 

reflect on the process of perception itself. We now understand visual complexity as a 

demanding and rewarding perceptual task. Through its difficulty in making and 

understanding, visual complexity provides both a rich aesthetic experience and an 

opportunity for reflection and insight. Perception involves making sense of the world, in 

terms of both ‘understanding’ and ‘forming sensory percepts’. Seeing is understanding. 

Therefore, understanding how we see – that is, understanding the perception and aesthetics 

of visual art – allows for insights into ourselves and the world around us. 

To see clearly is poetry, prophecy, and religion, – all in one. 

John Ruskin (1856) Modern Painters, vol. III, part IV, chapter XVI. 
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Appendices 

Appendix A: Test 1 Instructions 
The following text comprises the written instructions for test participants: 

You will be presented with a series of images in a random order. Your task is to rate 

the complexity of the images by assigning a number to each one to show how 

complex you think it is. There will be a practice run to begin with. 

Call the first image any number that seems appropriate to you. Then assign successive 

numbers in such a way that they reflect your subjective impression. There is no limit 

to the range of numbers that you may use. You may use whole numbers, decimals, or 

fractions. Try to make each number match the property as you perceive it. 

Appendix B: Copyright Law 
Following are extracts from the Copyright, Designs and Patents Act 1988 (c. 48) 

Chapter II Rights of Copyright Owner 

16 The acts restricted by copyright in a work  

(1) The owner of the copyright in a work has, in accordance with the following provisions of this 

Chapter, the exclusive right to do the following acts in the United Kingdom—  

(a) to copy the work;  

(b) to issue copies of the work to the public;  

(c) to perform, show or play the work in public;  

(d) to broadcast the work or include it in a cable programme service;  

(e) to make an adaptation of the work or do any of the above in relation to an adaptation;  

and those acts are referred to in this Part as the “acts restricted by the copyright”. 

 

Chapter IV Moral Rights 

77 Right to be identified as author or director (‘right of paternity’) 

(1) The author of a copyright literary, dramatic, musical or artistic work, and the director of a 

copyright film, has the right to be identified as the author or director of the work in the 

circumstances mentioned in this section; but the right is not infringed unless it has been asserted in 

accordance with section 78.  

 



 

Appendices   

 306  

80 Right to object to derogatory treatment of work (‘right to integrity’) 

(1) The author of a copyright literary, dramatic, musical or artistic work, and the director of a 

copyright film, has the right in the circumstances mentioned in this section not to have his work 

subjected to derogatory treatment.  

(2) For the purposes of this section—  

(a) “treatment” of a work means any addition to, deletion from or alteration to or adaptation 

of the work, other than—  

(i) a translation of a literary or dramatic work, or  

(ii) an arrangement or transcription of a musical work involving no more than a 

change of key or register; and  

(b) the treatment of a work is derogatory if it amounts to distortion or mutilation of the 

work or is otherwise prejudicial to the honour or reputation of the author or director;  

and in the following provisions of this section references to a derogatory treatment of a work shall 

be construed accordingly. 

 

(4) In the case of an artistic work the right is infringed by a person who—  

(a) publishes commercially or exhibits in public a derogatory treatment of the work, or 

broadcasts or includes in a cable programme service a visual image of a derogatory treatment 

of the work,  

(b) shows in public a film including a visual image of a derogatory treatment of the work or 

issues to the public copies of such a film, or  

(c) in the case of—  

(i) a work of architecture in the form of a model for a building,  

(ii) a sculpture, or  

(iii) a work of artistic craftsmanship,  

issues to the public copies of a graphic work representing, or of a photograph of, a 

derogatory treatment of the work. 

Appendix C: Interview Transcript 
Test 3a Interviews: Participant 25 

Time Speaker Transcription Code 
 GB Have you got any questions? 

 P25 
Um… only that one that I had about complexity 
with words if you’re looking at the complexity of 
the image, how does that correlate? 

 GB I’ve no idea. 

Questions 2h 
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 P25 Fair enough. 

 GB Were you comfortable with the thing in general and 
with the rating system? 

1:00 P25 

Yeah, um. It was nice actually not having an upper 
limit, although I found in sometimes I was limiting 
myself and getting quite similar numbers, but… 
yeah, no I was comfortable going round and doing 
it. 

Comfort 1 

 GB But you only got some numbers because those 

 P25 
Yep. The only thing – would it be good to say 
now? – about seeing the numbers above the 
paintings. 

 GB Yeah 

 P25 

Above each picture. Yeah, seeing the numbers 
there, sometimes I would come to a picture and the 
number that instinctively came into my head was 
then the number I saw above the picture, so that 
made me think am I being truthful to what I 
actually think or have I been influenced by catching 
sight of the numbers beforehand? 

Comments 10

 GB 
Mm, yeah. Let me ask about the criteria that you 
used to rate things. What made one image more 
complex than another? 

 P25 

Um… I suppose it was the amount of information 
that I was having to decipher from an image, er… 
Like, colour… I found colour did definitely make a 
difference as well. When you’re looking at the 
geometric… the pattern ones, the sort of… those 
ones I definitely felt were more complex due to the 
colours that were in them. If the colours were more 
similar they seemed less complex. If the colours 
contrasted more, they seemed more complex. 
Although I was aware that they probably weren’t 
both as complex really, but the colours seemed to 
change it for me. 

 GB Well, there is no… ‘really’ 
 P25 OK, yep, um… 

Complexity 9 
Complexity 4 

Complexity 2b

3:00 GB That’s why I’m doing this test. There is no, er… 
‘really’ how complex they are at all, honestly.  

3:07 P25 

I suppose another way that I rated the complexity 
was how long… how long I wanted to stand there 
and really look at it to try and get information out 
of it, um… The ones… the sketchy ones that you 
can very quickly identify what’s going on, it can be 
pretty to look at and look at the… the way that it 
has been sketched, but the ones where you had to 
really stand and, um, be taken in by the picture I 
would probably have rated as a lot more complex. 

 GB Mm-hm. So how did you cope with the text, the 

Complexity 8a 
Complexity 9a
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ones that had words in it? 

 P25 

Um… well, ‘cause… it was different as well ‘cause 
some of text was actually telling you bits and other 
bits of the text was just sort of like story time, if 
you know what I mean. It wasn’t… so much giving 
off, er, so much information. 

 GB So did what the words say add complexity or is 
it…? 

4:09 P25 
In some ways I sort of tried to ignore the words, 
and look more like a picture, um… what was being 
shown. 

 GB 
Yeah, right. What about the images that you 
preferred the most, did they have anything in 
common, or perhaps did you… were you aware… 

 P25 

Um, the ones I preferred the most were abstract. 
By far, they were definitely the ones that I preferred 
the most. And probably the computer-generated 
ones as well. 

 GB What kind of qualities did they have in common? 

 P25 

Um… well, colour was definitely one thing that 
drew me in, but I couldn’t say definite type of 
colour, but I do know the colours, er, influencing 
my preference. And shape. The shapes that were in 
them Colour and shape. But they… I know that the 
highest marks I gave were to very… some of them 
were very different in their colour and their shape, 
but it was just what grabbed me and took me. Tried 
to be as instinctive as possible. 

 GB I was going to ask about that. It was an instinctive 
decision? 

5:30 P25 

Yep. It was definitely instinctive. One thing that I 
did think about when I was going round, though, is 
because I had seen some of your artwork before, 
therefore it was more familiar to me than some of 
the other ones, and I did wonder of that would be 
playing a part. 

Preference 5b 
Preference 2 

 GB 
Oh, I’m sure. But then again, this is similar to what 
would happen in the real world and you’re going 
round a gallery, some of those are more familiar. 

 

 P25 

Yeah, I know, I did think about it and I did think, 
well, still instinctively out of the ones I’m familiar 
with I still know which ones I prefer. So it didn’t 
worry me too much. 

 

 GB OK. What about quality, did you find that easy to 
do? 

 P25 Quality is… 
 GB And how did you make those decisions? 

 P25 How did I judge quality? Actually, I did find that 
the hardest, ‘cause I was very aware of it, how your 
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personal preference of what you think is good 
affects how you rate the quality. 

 GB 

Yeah. I’m assuming that for most people the ease 
of judging the quality of these things is related to 
their general experience and familiarity with doing 
this kind of thing, so you know, if you’re in art, if 
you’re formally trained in art, it’s probably an easier 
job to rate quality. Would you agree with that? 

 P25 I would agree with that. 

 GB So, how much is art and design part of your day-to-
day activities? 

 P25 Um… 
 GB Any formal training? 

 P25 

Er… not, well, in certain aspects of it such as, er, 
set design and looking at colour and I’ve done 
some art history at university, so… but never to full 
degree level. I would say I have a basic person’s 
knowledge of, well, probably slightly higher than 
the average layman’s knowledge of art, but… 

 GB But you don’t make stuff yourself? 
8:10 P25 Not really, no. 

Training 2a 

 GB So how did you go about judging it then? 
 P25 From my experience throughout life 

 GB What factors… what aspects of the images did you 
try and base it on? 

 P25 

Different images… I suppose how… how trained I 
thought the artist would have to have been to have 
produced that piece of work. Use of colours, I 
suppose complexity in some ways did come into it 
as well, if you’re looking at it that way. Do you 
need more? 

Quality 4a 
Quality 11 

 GB We can wrap it up. Is there any other comments 
you want to make? 

 P25 Um, not… 

 GB Was it easy or difficult overall, then? Enjoyable? 
Interesting? 

 P25 

I found it very interesting, I really did. Thinking… 
having to think of… Actually one thing I really 
liked was that you had to round the three times and 
look at them all individually. On… I know that 
some of my thoughts changed the third time I was 
going round, so what I’d done the first time, but… 
sort of… thinking of oh no, would I have changed 
that. I didn’t go back and change anything, but I 
was constantly thinking about how I look at these 
pictures in three different ways. 

 GB OK. That’s it then. Thank you. 

Comments 6 
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Appendix D: List of Codes 
Questions about the Task 

01. No 
02. Yes 

a. What is the purpose of the test? 
b. How many of the images are yours? 
c. Are some images drawings of other images? 
d. Where can I buy this image? 
e. How are you going to level off the different ratings? 
f. Are you an artist? 
g. Is there supposed to be any pattern to how the pictures are laid out? 
h. How does the complexity of words correlate with the complexity of the images? 
i. Do you have a way of determining differences in preference between genders? 
j. What would you say complexity is? 
k. Where do the child-like images come from? 

Comfort with the Procedure 

01. Yes 
02. No, it was difficult 
03. Complexity was most difficult 
04. Quality was most difficult 

Complexity Criteria 

01. Quantity of picture elements 
02. Variety of picture elements 

a. Number of varieties 
b. Amount of variation 

03. Level of detail 
04. Number of colours 
05. Amount of colour 
06. Amount of time 

a. In making the work 
b. Looking at / understanding the work 

07. Redundancy 
08. Amount of work or difficulty 

a. in making 
b. in perceiving 

09. Amount of information 
a. Aesthetic 
b. Semantic 

10. Depth 
11. Ambiguity 
12. Size 
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13. Flaws 

Preference Criteria 

01. Harmony of picture elements 
02. Instinctive judgement 
03. Strong colours 
04. Warm colours 
05. Level of figuration 

a. Representational 
b. Abstract 

06. Detail 
07. Repetition / pattern 
08. Quality of line 

a. Geometric, straight 
b. Swirly, curved 

09. How much time would like to spend looking at it 
10. Clean and tidy 
11. Would I have it at home? 
12. Computer-generated 
13. Complexity 
14. Emotional response 
15. Pretension 
16. Images covering the entire surface 
17. Complementary colours 
18. Relation to physical context 
19. Relates to quality 
20. Mundane 
21. Schematic images 
22. Textiles 
23. Interest 

Quality Criteria 

01. Amount of work 
a. In making 
b. In perceiving and understanding 

02. Amount of time to make the work 
03. Skill 
04. Difficulty in making the work 
05. Suitability for exhibition 
06. Coherence 
07. Technical accomplishment 
08. Creativity 
09. Concept 
10. Same as for preference 
11. Complexity 
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12. Varied depending on medium 

Training in Art & Design 

01. Formal training, actively engaged 
02. Some formal training, not engaged 
03. No formal training 

Comments about the Task 

01. None 
02. Yes 

a. Enjoyed the experience 
b. Unusual rating procedure, being allowed to define own scale 
c. Shouldn’t be using the same room for interviews as for people doing the task 
d. Different to an exhibition because of the viewing angle – looking down at images 

on tables. 
e. Interesting experience 
f. Question whether objects represented are comparable 
g. Would be good to hang the images 
h. Too many images 
i. Rating scores may have been influenced by the sight of images’ index numbers 
j. Art and design training helps make judgements of complexity 
k. Images of artefacts are harder to rate than actual artefacts 

Appendix E: Coding Results 
The tables below show the complete set of results for the analysis of participant 

interviews conducted in Test 3a (see pp.227–249). 

Questions (12) Code Count %(37) Rank
No questions 01 18 48.65 1 
What is the purpose of the test? 02a 5 13.51 2 
How many of the images are yours? 02b 4 10.81 3 
Are some images drawings of other images? 02c 2 5.41 4 
Where can I buy this image? 02d 1 2.70 5 
How are you going to level off the different ratings? 02e 1 2.70 5 
Are you an artist? 02f 1 2.70 5 
Is there a pattern to how the pictures are laid out? 02g 1 2.70 5 
How does the complexity of words correlate with the 
complexity of the images? 02h 1 2.70 5 

Do you have a way of determining differences in preference 
between genders? 02i 1 2.70 5 

What would you say complexity is? 02j 1 2.70 5 
Where do the child-like images come from? 02k 1 2.70 5 
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Comfort with the procedure (4) Code Count %(39) Rank
Comfortable 01 24 61.54 1 
Uncomfortable 02 7 17.95 2 
Quality was the most difficult 04 6 15.38 4 
Complexity was the most difficult 03 2 5.12 4 

 

Art training / experience (3) Code Count %(31) Rank
No formal training 03 16 51.61 1 
Formal training, actively engaged 01 11 35.48 2 
Some formal training, not engaged 02 4 12.90 3 

 

Criteria for judging Complexity (18) Code Count %(73) Rank
Level of detail 03 10 13.70 1 
Number of colours 04 9 12.33 2 
Redundancy 07 9 12.33 2 
Amount of work or difficulty: In perceiving 08b 7 9.59 4 
Depth 10 7 9.59 4 
Quantity of picture elements 01 5 6.85 6 
Variety of picture elements: Number of varieties 02a 4 5.48 7 
Amount of work or difficulty: In making 08a 4 5.48 7 
Amount of colour 05 3 4.11 9 
Amount of information: Aesthetic (visual) 09a 3 4.11 9 
Variety of picture elements: Amount of variation 02b 2 2.74 11 
Amount of time: In making the work 06a 2 2.74 11 
Amount of time: Looking at / understanding the work 06b 2 2.74 11 
Size 12 2 2.74 11 
Amount of information 09 1 1.37 15 
Amount of information: Semantic 09b 1 1.37 15 
Ambiguity 11 1 1.37 15 
Flaws 13 1 1.37 15 

 

Criteria for judging Preference (25) Code Count %(50) Rank
Instinctive judgement 02 6 12.00 1 
Strong colours (bold, saturated) 03 6 12.00 1 
Quality of line: Swirly, curved 08b 6 12.00 1 
How much time would like to spend looking at it 09 4 8.00 4 
Level of figuration: Abstract 05b 3 6.00 5 
Level of figuration: Representational 05a 2 4.00 6 
Computer-generated 12 2 4.00 6 
Complexity 13 2 4.00 6 
Pretension (dislike) 15 2 4.00 6 
Complementary colours 17 2 4.00 6 
Harmony of picture elements 01 1 2.00 11 
Warm colours 04 1 2.00 11 
Detail 06 1 2.00 11 
Repetition / pattern 07 1 2.00 11 
Quality of line: Geometric, straight 08a 1 2.00 11 
Clean and tidy 10 1 2.00 11 
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Would I have it at home? 11 1 2.00 11 
Emotional response 14 1 2.00 11 
Images covering the entire surface 16 1 2.00 11 
Relation to physical context (how the image worked in the 
space) 18 1 2.00 11 

Relates to quality 19 1 2.00 11 
Mundane (dislike) 20 1 2.00 11 
Schematic images 21 1 2.00 11 
Textiles (dislike) 22 1 2.00 11 
Interest 23 1 2.00 11 

 

Criteria for judging Quality (13) Code Count %(40) Rank
Skill 03 8 20.00 1 
Amount of work: In making 01a 6 15.00 2 
Suitability for exhibition 05 6 15.00 2 
Technical accomplishment (level of finish) 07 6 15.00 2 
Difficulty in making the work 04 4 10.00 5 
Same as for preference 10 3 7.50 6 
Amount of work: In perceiving and understanding 01b 1 2.50 7 
Amount of time to make the work 02 1 2.50 7 
Coherence (meaningful arrangement of parts) 06 1 2.50 7 
Creativity 08 1 2.50 7 
Concept (the idea behind the work) 09 1 2.50 7 
Complexity 11 1 2.50 7 
Varied depending on medium 12 1 2.50 7 

 

Comments (12) Code Count %(35) Rank
No comments 01 16 45.71 1 
Interesting experience 02e 5 14.29 2 
Enjoyed the experience 02a 3 8.57 3 
Shouldn’t be using the same room for interviews as for 
people doing the task 02c 2 5.71 4 

Too many images 02h 2 5.71 4 
Unusual rating procedure, being allowed to define own scale 02b 1 2.86 6 
Different to an exhibition because of the viewing angle 02d 1 2.86 6 
Question whether objects represented are comparable 02f 1 2.86 6 
Would be good to hang the images 02g 1 2.86 6 
Rating scores may have been influenced by index numbers 02i 1 2.86 6 
Art and design training helps make judgements of 
complexity 02j 1 2.86 6 

Images of artefacts are harder to rate than actual artefacts 02k 1 2.86 6 
 




