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Abstract
The three studies summarized in this paper present evidence that aesthetic preference for visual
surface texture is closely correlated with spatial frequency and orientation. The stimuli used were digital
versions of real environments, in the sense that they originated in photographs of real surfaces.
Correlations are significant, and robust, and they were not effected by identifiability of the images.
Theoretically, this points to the possibility that aesthetic preferences for objects in the built
environment—‘virtual’ and ‘real’—are not exclusively devoted to culture, memory and association, as
post-modern discourse would dictate. Although more work needs to be done, it nevertheless points to
the potential that preference for digital/virtual as well as real architectural environments be considered
the visual stimuli to which human beings are neurologically tuned. Digital technology provides the
means to implement such research, and computer simulations of ‘real’ environments will be the first
application. With an ability to adapt aesthetically to the changing human condition, the important
questions are how should one adapt such surfaces and under what criteria or under what influence are
the adaptations made?
Keywords: Aesthetics, Digital Environments, Preference Perception, Gabor Filter Applications.
Introduction: “Goodness” of Form – Real and Virtual
It can be argued that, in the coming era that includes the construction of virtual buildings—and the
virtual spaces such constructs create—what elements of the “real” environment people find aesthetically
pleasing remains a valid question. Architecture historian Grant Hildebrand (1999) maintains that the
most successful architecture is the result of an abstract drive to impose patterns on what might seem
like random acts of human creativity. Hildebrand, Rudolf Arnheim (1969, 1954) and Ernst Gombrich
(2000, 1998 and 1972) would assert that there are physical, describable attributes of pattern to humanmade places. There are, unarguably, physical, describable attributes of pattern that make physical
places such as the cathedrals Notre Dame and the Amiens, Rockefeller Center, and the cityscape of
Seattle “appealing”. However, it has been and still is difficult, if not impossible, to objectively quantify
what it is about those attributes that makes these places aesthetically valued.
Early in the last century, the quality of a visual experience was approached by Gestalt psychologists
through the analysis of ‘goodness’ of form, or prägnanz, which wasin their opinionan important
factor in perceptual experience (Beardslee et al., 1923; Kofka, 1922; Mowatt, 1940; Kohler, 1947).
However, perceptual “experience” was broadly construed to correspond to global properties of whole
figures such as subjective simplicity, complexity and bilateral symmetry. Researchers did not believe at
that time that whole figures could be understood by means of studying local physical properties of those
figures (images). That is, ‘goodness’, to them, was an undefined, primitive, perceptual quality of whole
figures that could not be reduced to a set of parts, viz. physical properties. Although they acknowledged
that specific properties probably exist in images, they chose to focus at that time instead on an image’s
global properties because some images were thought to produce experiences of greater simplicity,
order and regularity than others. In their view, symmetry seemed to be a sufficient assumption to start
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from. It was eventually proven that stimuli that are simple (contain adequate redundancy), symmetric
(rotationally invariant) and familiar are considered “good”. However, a reliable description for judged
simplicity was not determined. Similarly, the relationship symmetry has to figural “goodness” (prägnanz)
was not demonstrated. Despite other findings in perception research (Michael, 1953; Checkosky et al.,
1973; Clement et al, 1970; Pomerantz et al, 1973a, 1973b, 1977, 1991), doubt still exists in regard to
what physiological mechanisms are responsible. Global properties of symmetry and simplicity proved to
be only tenable explanations for what drives the aesthetics of form (Pomerantz, 1986). Nonetheless,
perceptual responses to specific local physical properties were neglected.
It is argued in this work that experience is accessible through an analysis of internal systems; that
preference for an image is correlated with the internal relationships of spatial frequencies within images.
Hence, in contrast to past preference research, a specific aspect of visual texture is sought that can be
related to “pattern goodness” and correlations are established and reported later in the paper.
Properties of Virtual Surfaces: Texture and Tone
On the other hand, properties of symmetry and simplicity can be accounted for in terms of analysis of
textural properties. Considerable effort has gone into identifying characteristics of texture recognizable
by human perception (Amadasun et al., 1989; Argenti et al., 1990; Haralick et al., 1973; Haralick, 1979;
Julesz, 1962, 1975, 1981, 1984). Texture and Tone are properties of all surfaces, including digital,
virtual surfaces. Texture is one of the characteristics used in identifying objects or visual regions within
an image because it contains information regarding the structural arrangement of a surface and the
relationship that one arrangement has with others surrounding it. Texture analysis is based on the idea
that the characteristics of an object’s surface—in terms of digital virtual surfaces—correspond directly to
variations in intensity among the elements (pixels) extant within a two dimensional image of that object.
That is, texture relates directly to the repetitive distribution of the gray level values of an image’s
resolution cells (pixels). Tone refers to the variation of gray level values of those resolution cells.
It can be said that tone dominates a small local area if that area displays little or no variation in pixel
gray tones. Likewise, if there is wide variation in elemental gray tones (within that area), then “texture” is
said to dominate. It is the repetitive and or random distribution of such gray tone values within an image
that is of interest in evaluating an image’s texture-tone properties. It can be evaluated as fine, coarse,
rippled or irregular. Over the entire image, when variability of gray tones is small and there is a
correspondingly large standard deviation of those gray tones, the texture is considered to be fine.
Conversely, when variability is in each local area is small and the distribution of those local areas across
the image is large, the texture is considered to be coarser.
Spatial Frequencies in Texture Analysis
Whether fine, coarse, irregular or rippled, features of visual texture can be extracted using several
1
methods some based on the human visual system. Artificial Neural Networks have been used to
2
simulate the mechanism used by the brain in detecting/recognizing features of texture. Another method
is Gabor filtering, based on multi-channel filter theory which was derived from early wave physics.
Multichannel filter theory, developed into a means of textural analysis as psycho-physiological research,
3
discovered that the visual system uses a method like Fourier analysis on the (visual) environment. The
theory began under the hypothesis that the retinal image is composed of an array of light that, in turn,
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activates individual channels tuned to different bands of spatial frequencies. In research on the striate
cortex of a cat, the filter characteristics of single cells were first investigated using sine wave gratings,
5
where it was discovered that different retinal cells have different sensitivities to image contrast. It was
found that there are some simple retinal cells that are sensitive to low spatial frequencies and others to
high spatial frequencies. The optimal level of sensitivity to contrast was found to vary from cell to cell, in
that the response time dropped when presented with spatial frequencies above and below the
6
threshold. Subsequently, it was hypothesized that cortical cells function as spatial filters tuned to
7
respond to relatively narrow bands of spatial frequencies, phases and orientations. Simple cells in the
8
cortex of the monkey are reported to be narrowly tuned in both orientation and spatial frequency.
Moreover, it has been argued that the neural activity in the retina and striate cortex of Macaque
monkeys and humans are nearly identical. Recent studies demonstrate that there are mechanisms that
9
are selective in different locations along the same dimensions. In summary, selectivity has been
demonstrated to occur in the visual system along a number of stimulus dimensions, such as size,
10
orientation, position, wavelength, motion velocity, and direction. Given this, it is possible to project that
orientations and phases of the spatial frequency components can be tuned to extract specific
information about the magnitude of frequencies at different locations throughout an image.
The above findings predispose the main question addressed in this paper; that is, whether spatial
frequency attributes in images can be found to relate significantly to human perceptual experience; in
this case, aesthetic preference. A Fourier transform or a multi-resolution bandpass filter (a bank of
11
Gabor filters ) can be used to extract the measurements for answering such a question. The difference
between using a Fourier transform for analysis and a Gabor filter is in the amount of detailed information
to be obtained. The Fourier extracts the magnitude of frequencies throughout the entire image (global),
whereas each filter of a Gabor filter bank extracts specific (local) frequency information; that is, a bank
of Gabor filters specifies the frequency content relative to several local areas within an image. The
relationship between the two methods is that the output of a bank of Gabor filters—when averaged and
summed over all orientations (defined by the settings)—provides the equivalent information as the
Fourier. That said, it should be clarified that the results reported in this paper refer to summarized
outputs of a Gabor filter bank. These findings are at the initial stage of a multi-stage project. That is, the
summarized data were examined in an effort to establish initially whether a correlation exists between
frequency content and human preference for images of texture. In the case where there was a
4
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correlation, the specific local information extracted by the Gabor filters would provide means for further
analysis into which specific frequencies were more correlated to preference. Those specifics will be
12
reported elsewhere in a more detailed paper.
Experiment Overview
The (visual) stimuli used in this research are “digital versions” of “real” environments, in the sense that
they originate in photographs of real surfaces. Textural properties of these digitized images can be
examined more easily because they are represented as a function of two variables (xn, yn) that assigns
a gray-tone value to each “element” or pixel. The image is stored as a two-dimensional array, resulting
in a matrix of “elements” or pixel gray tone values representing the spatial domain. In this way, the
digital image becomes an input function for filtering. Simple statistics then can be obtained from the gray
values by decomposing the original image using tuned ‘channels’ into several filtered images each
representative of specific spectral information. The channel filters for this project are characterized
13
according to (Bovik, Clarke and Geisler, 1990; A.K. Jain, F. Farrokhnia, 1991). Each filter channel is
defined by the specified frequency, complex exponential angle (_), a frequency bandwidth and an
orientation bandwidth. In order to obtain very low frequencies, the mean intensity over the entire image
is equalized before applying the filters; this can be done by removing the mean locally. The location of
each filter (channel) on the frequency plane of a 150¥ 150 pixel image input is determined by an
orientation angle q and a central (radial) frequency F. For this project, q = 0, /4, /2 and 3/4, (0˚, 45˚,
14
90˚ and 135˚) and F = 0.08, 0.17, 0.35 cycles/pixel; that is, structure at the scale of 12, 25.5, 52.5
cycles/image width is extracted (See Fig.3). Each radiating frequency is spaced one octave apart,
guaranteeing that the pass band of the filter with the highest radial frequency falls inside the image
15
array (Campbell, 1974). The width of each channel is given by a scaled bandwidth parameter, sigma
16
(_), of a modulating Gaussian distribution that varies inversely to the center frequency F (U, V).
Three studies were conducted to determine the relationships between image preference and image
texture. A total of 316 people participated in the three studies with between 5 and 15 participants per
session within the studies. The participants were 1) between 18-21 years of age, 2) both male and
female, 3) members of diverse ethnic groups, and 4) primarily considered unsophisticated in aesthetic
study. In a 4.8m x 6m room each participant sat at a table with their chair and data sheet aligned so as
to allow full view of the projector screen. The distance from any one participant to the screen was a
minimum of 2.7m (9ft) and a maximum of 5.18m (17ft); a subtended visual angle between 36.9º and
20º. Before beginning, each participant confirmed he or she had a full view of the screen.
Each image stimulus contained between 92752 and 92886 pixels and was presented on a (1.8mW x
2
1.5mH) (109.8m ) projector screen and LCD projector from a standard laptop computer. All stimuli were
first presented at a rate of 3sec/image to familiarize the subjects with the set as well as the approximate
pace at which they would be expected to make their ratings. Stimuli were presented. At each session,
which lasted for approximately 25 min, 20 to 53, stimuli were presented—depending upon the particular
17
study—in at least three randomly determined orders. Each participant gave an individual aesthetic
judgment for each stimulus on a five-point rating scale.
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Selection Study
The task of understanding the relationship between preference and measurable attributes of an image
can be difficult to impossible because of a mélange of object association and personal memory. In order
to adequately understand what aspects of images are stimulating the mechanism responsible for
preference (apart from the phenomenon of memory and association), it is important to begin by isolating
as many cultural properties as possible from physical properties of image stimuli. Stimuli that do not
necessarily represent specific recognizable objects are being used for this study and are referred to the
paper as “non-identifiable.” Non-identifiable images can be considered, for example, to contain objects
removed from their context by a change in scale or orientation (See Figures 1,2). The differences
among non-identifiable, identifiable and blatantly identifiable becomes important in the last “Validation”
study, when identifiable stimuli were included. Throughout this research, blatantly identifiable images
(such as images of brick walls) are excluded completely.

1
2
Fig.. Example of an image easily identifiable. Brodatz D064.
Fig.2. Example of an image difficult to identify. Brodatz D051.
The purpose of this first “Selection” study was to determine a subset of twenty stimuli that could be
considered relatively un-recognizable. To begin, fifty images were initially selected by the researcher to
incorporate a range of relatively non-(blatantly) identifiable, non-similar images of real world objects.
This is to say that images considered to be identifiable were included because the participants (judges)
would serve to scrutinize the actual “identifiability” of the stimuli. Images that were judged to have higher
incidence of identical “labels”, consequently received higher “identifiability” counts and were omitted
from the ‘possible stimuli’ list. Images receiving the lowest count on “identifiability” were added to the
‘possible stimuli’ list to be used as stimuli in subsequent studies.
Twenty-six subjects participated in this study and were instructed to give a preference rating for the 50
stimuli. The same set was then re-presented and they were asked to identify each stimulus. If they could
not either identify or guess the stimulus with less than three words they were to mark “don’t know” in the
space provided on the data sheet.
Results
The correlation (r) between the preference ratings and Gabor1 are -0.53 and Gabor2, -0.47. Both are
significant (the critical value of correlation (r) for significance is 0.276 for (a) = 0.05, (df) = 49; and 0.358
for (a) = 0.01. The value of multiple correlation (R) was also significant R = 0.53, F (2, 47) = 9.27, p =
0.0004.
Discussion
Using the results described above for “identifiability”, the images were sorted into a list. Those passing
as ‘possible stimuli’ were then cut according to consistency based on the mean and standard deviation
of preference ratings across participants. The remaining set provided images to be used as sufficiently
non-identifiable in the following “Confirmation” study.
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Confirmation Study
The purpose of this study was to determine the consistency of the relationship between preference for
an image and the Gabor1 and Gabor2 properties, with identifiability controlled as a variable. To verify
the consistency of the results, two sets of stimuli are used the second set having five substitutions. The
question is whether the correlation (if significant) would remain significant when the context is changed.
Three tests were conducted in which there were 98, 74 and 56 respective participants, respectively. The
first test used the first stimulus set (labeled Confirm1; in Figure 3), and the second and third tests used
stimulus set 2 (Confirm2 and Confirm3; in Figure 4).

Figure 3
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Results
Correlations between the preference ratings to the Gabor1 and Gabor2 features are shown in Table 3 (-4). The correlations for Gabor1 were significant to large; -0.47, -0.46 and -0.60 respectively (for (df) =
19, crit. (r) = 0.444 at (a) = 0.05; crit. (r) = 0.561 at (a) = 0.01). The correlations for Gabor2 in the three
tests were; -0.33, -0.29 and -0.47 respectively, indicating Gabor2 was only significant to preference in
test three. The value of multiple (R) was significant in all three tests; R = 0.579, F (2, 17) = 4.297, p =
0.031 in test 1; R = 0.724, F (2, 17) = 4.35, p = 0.0297 in test2; and R = 0.648, F (2, 17) = 6.145, p =
0.009 in test 3.

Figure 4
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The means and standard deviations of the preference ratings to the Gabor1 and Gabor2 features are
shown in Table 4, sorted by mean preference ratings. Figure 5 shows the scatter-grams reported in
standard units (z-scores), of the correlations for Gabor1; Figure 6 shows those for Gabor2.
Discussion
With the exception of stimulus no. D019 and D006, values of Gabor1 can be seen to increase as the
mean preference rating decreases. With the exception of a few images such as D111 and D086, the
stimuli most preferred and least preferred that remain in one test also remain in subsequent tests.
Regardless of the change of context introduced by substituting stimuli in the second test, the
correlations for Gabor1 remained significant to large. The results of the third test (Confirm3) in this study
are consistent with the correlations in the first and second tests as well as the Selection Study. The
correlations are less robust for Gabor2. However for Gabor1, they are significant to large.
Validation Study
The purpose of this study was to “validate” the significance of the correlations previously found,
including the significance of the correlations in the initial “Selection” study. Sixty-two participants and
stimuli previously determined to be identifiable in the Selection Study (discarded from all three tests in
the Confirmation Study) were included in this stimulus set. Therefore, the stimulus set included fiftythree stimuli that were both identifiable and non-identifiable.
Results
The correlations for Gabor1 and Gabor2 are (-0.38), and (-0.37), respectively; both are significant and
large (for (df) = 51, crit. (r) = 0.268 at (a) = 0.05; crit. (r) = 0.348 at (a) = 0.01). The value of multiple R
was also significant: R = 0.38, F (2, 50) = 4.299, p = 0.0189.
Discussion
Correlations remained significant and remarkably similar to those found in the previous studies despite
the fact the stimulus set included identifiable images. It should be emphasized that the correlations were
large.
Concluding Analysis
The correlations for the features were statistically significant. The multiple correlation (R) between the
features and the preferences was significant to large in all studies.
Closing Discussion
It is important to point out that the correlations between the mean preference and the mean frequency
magnitude (Gabor1) in the images are significant to large. A pattern is evident of low Gabor1 values in
stimuli receiving high aesthetic ratings and relatively higher values for stimuli receiving lower ratings.
This indicates that the most-preferred stimuli have (globally) more low frequencies relative to the least
preferred. Although the correlations for the Gabor2 feature were slightly less robust than the correlations
for the Gabor1 feature, the lower Gabor2 values of the most-preferred group show less variation in
18
magnitude of the frequencies than the values of the least preferred. It is suggested at this point that
homogeneity (smoothness) is present in the preferred images, and it is possible that structural grouping
is present; however, more analysis must be conducted to confirm this.
Correlations between the physical properties of the stimuli used in this research and the aesthetic
ratings were strong and robust across all studies. Despite the fact that identifiable stimuli were included
19
in the validation study, the correlations remained significant. This begins to suggest that the
18

The twelve filter response outputs of the most preferred and least preferred images are available upon request, as well as their
corresponding outputs for the mean spatial frequency response/pixels (Gabor1 feature) and the standard deviation of
the mean responses/pixels (Gabor2 feature).
19
Gabor and the Grey-level measures also performed very well overall, however whether Gabor filters are more accurate than
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identifiability of the images in the studies conducted did not affect the relationships between preference
and physical properties.
The performances of specific filters—single filters within the bank—were found to be large and
statistically significant. The close correlation is consistent with the findings in psychophysical research
(Albrecht et al, 1997) that demonstrates that human beings are tuned to specific frequencies and
orientations. However, the matter of which spatial frequencies are most correlated to human preference
20
will be presented in subsequent reports. At this time it nevertheless is possible to state that the largely
significant correlation between a specific frequency and human preference ratings for textural images
points to the usefulness of multivariate (Gabor) filtering for examining the relationship between human
preference and textural image features. Computer simulations of ‘real’ environments will be the first
implementation of technology able to adapt aesthetically to the changing human condition. This is in the
sense that digital environments function from relationships between pixel values; notwithstanding, gray
level variability lends itself to manipulation by the designer quiet readily. With the ability to manipulate
them, digital, virtual surfaces will hence become adaptable. It is a question now of how to adapt them;
under what criteria or under what influence? It is too premature to make statements on potential
applications to digital architecture, however, it can be posited that if preferences for individual images
are significantly correlated to specific textural properties, then architecture can be evaluated in the
future by those same properties.
This paper is a summary of work that has been accepted for publication in Environment and Planning B.
A more detailed paper is under review by the Journal of Cognitive Neuroscience. For purposes of this
paper, this work documents a beginning to understanding more about the relationships between human
beings and the potential of adaptable digital environments. Additional research is being conducted and
will be presented in future publications.
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