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Abstract

We describe a method for representing and manipulating the
color gamuts used by different artists to explore how the color
schemes employed by artists might appear to the artist or to others.
The method involves modeling the visual response to color and
then adapting that response to simulate how color percepts change
across different states of adaptation. Analyses of paintings and
nature photographs suggest that there are both important
differences and regularities in the color palettes of artists and that
these regularities reproduce prominent characteristics of the
natural color environment. In particular, the works of many artists
include a bluish-yellowish bias that is also a distinguishing feature
of both the color statistics of natural images and of the neural
coding of color. The algorithm adjusts the colors in an image so
that they are equivalent to the colors that would be experienced by
an observer adapted to a different environment, or for two
observers with different spectral sensitivities but who are adapted
to the same environment. This provides a novel method for
visualizing how the colors in artwork are experienced by an artist
or an audience, and could be generalized to explore similar
questions for visual attributes beyond color.

Introduction

The relationship between visual art and visual perception has
attracted the enduring fascination of many vision scientists [1-4].
On the one hand, how art is portrayed and interpreted must
obviously be shaped by the processes underlying the perception of
all images, and thus knowledge about these processes are likely to
inform our understanding of artistic principles. Thus basic
mechanisms of contrast coding may explain how and why artists
exploit and portray contrasts in their work [5]. On the other hand,
analyses of art can provide important insights about sensory
mechanisms. For example, the use of color has been taken to
reveal fundamentals of color coding such as complementary
colors, color contrasts, and opponency [6]; pictorial cues highlight
the information we use to recover depth and interpret retinal
images [7]; and the properties of portraits hint at the possible
attributes and processes underlying face recognition [8, 9].
Moreover, important clues to perceptual processing can also be
gleaned from analysis of the failures of artists to capture the
physical properties of scenes. For example, errors in how they
depict certain aspects of lighting and shade suggest that the visual
system itself is insensitive to many properties of the lighting
geometry [10, 11].

One recent interest in the visual science of art is whether and
to what extent art incorporates and reproduces regularities in the
visual environment [12]. The visual diet of both natural and
carpentered scenes is often highly constrained, in ways that are
thought to have fundamentally shaped the neural mechanisms of
visual coding. For example, the images of most scenes we
encounter have a roughly 1/f amplitude spectrum, such that
contrast varies inversely with scale. Natural images also have a
fractal geometry in which similar structure occurs at different
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scales. Artists may consciously or unconsciously exploit these
statistics. For example, the abstract drip paintings of Pollock
mimic the fractal dimensions typical of natural scenes [13], while
the works of many artists conform to the amplitude spectra and
luminance distributions expected from the visual environment [14,
15]. Moreover, audiences are sensitive to these statistics, and how
natural an image’s properties are can strongly influence artistic
preferences. Thus while Pollock’s paintings may appear random
they are preferred to paintings with unnatural fractal dimensions
[16]. Similarly, deviations from natural amplitude spectra, such as
increasing the relative energy at the middle spatial frequencies that
we are most sensitive to, can predict why some artists’ works are
perceived as more uncomfortable or stressful to view [17-20].

A further recurring interest in art is the possibility that an
artist’s style or techniques might reflect unique characteristics of
the artist’s own visual system, and potentially point to specific
deficits in their vision [21]. For example, analyses of self-portraits
and photographs of many artists suggest that as a group, artists
have a higher tendency for strabismus and thus stereoblindness,
and this has been confirmed in comparisons of stereoacuity in
professional artists versus lay persons [22]. The loss of binocular
vision could conceivably make them more sensitive to the
monocular depth cues available in paintings. Similarly, many
conjectures have been made about the color vision of artists from
the colors in their palette. The strong saturation of van Gogh’s
paintings have suggested that he might have a color deficiency,
while the yellow bias in many of his works has been attributed to
xanthopsia (an insensitivity to blue) owing to the yellowing of his
lens (possibly as a toxic side effect of digitalis prescribed for his
heart condition) [23]. A number of studies have also explored
changes in artists’ work over their lives to examine the
consequences of visual aging or disease. Thus Monet’s final works
may reflect the progression of his cataracts and vision loss [24].

The notion of whether art can reveals the artist’s eye has been
famously debated in the context of the “El Greco fallacy,” in which
the elongated figures in El Greco’s paintings have been attributed
to astigmatism and thus a distortion in his retinal image [25]. The
fallacy is that in order to replicate the world as he saw it, the
painted figures should have the same physical proportions as the
subjects so that they are distorted in the same way (though this in
fact requires compensation for the effects of blur at different
distances [26]). Similarly, the argument that van Gogh’s work
overemphasized yellow or saturations, to make up for anomalies of
his color vision, faces the problem that the colors in his paintings
would not match his perception of the colors in the world. Thus to
the extent that artists are trying to recreate their visual impressions,
the stimulation provided by the world and canvas should match.

However, there is another important sense in which artists
might not depict their visual characteristics, because these
characteristics may be discounted from their perceptual experience.
Specifically, visual perception is often compensated for the
sensitivity limits of the observer, such that the individual is
potentially unaware of their own visual properties or capacities.
For example, as the lens ages it becomes increasingly yellower, yet
older individuals continue to see or describe stimulus spectra in
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ways that match the percepts of younger observers, suggesting that
their color vision has adjusted for the lens brunescence [27]. In the
same way, observers may be compensated for the blur introduced
by the eye’s optics, such that the world appears in focus even when
the retinal image is strongly degraded [28-30].

An important mechanism contributing to this compensation is
visual adaptation. The visual system is continuously recalibrating
to match visual coding to the current visual stimulus, and these
adjustments affect most if not all perceptual judgments, from the
hue of a patch to the attractiveness of a face [31]. Moreover, these
adjustments provide a fundamental link between the observer and
the environment, because they adjust percepts according to the
environment. Consequently, two observers exposed to the same
world should tend to perceive the world in similar ways, even if
their visual systems (e.g. spectral or spatial sensitivities) are
inherently different. Similarly, adaptation should tend to maintain
perceptual stability as some aspects of their visual system change
over time, such as a gradual change with aging or an abrupt change
with a spectacle correction or cataract surgery [32]. In other words,
the reason young and old see colors the same is plausibly because
they are adapted to the same world. Conversely, the same observer
should perceive the world differently when it is the world that
changes, for the visual system is now tuned to a different diet. For
example, colors vary with the environment or the seasons [33, 34],
and color percepts may track these changes [35].

How the visual system adapts to color is reasonably known in
principle [36], and thus it is possible to theoretically model how
colors should look to an observer under different adaptation states.
In previous work we have used this approach to predict the
properties of color appearance in different color environments or in
different observers, by rendering images to incorporate visual
adaptation [37-39]. This technique has the advantage that it allows
modeling very long-term states of adaptation that are difficult or
impossible to test by instead adapting observers. It also has the
advantage that the adaptation effects can be pushed to their
theoretical limit, allowing tests of the functions and consequences
of adaptation for perception and performance [40]. Finally, we
have argued that incorporating adaptation in this way is an
important but often overlooked facet of simulating how the world
appears to others [39]. Specifically, many attempts have been
made to illustrate how an image might look to someone with a
visual deficit or varying visual sensitivity. However, these
simulations are typically performed by filtering the image
according to the sensitivity losses of the observer, and thus do not
take into account the probable compensations for these losses. The
simulations therefore portray what information is lost to the
observer, but not how the world actually “looks.” In this study we
apply this approach to examine art through the eyes of the artist.

Our work had three aims. The first was to sample the color
gamut of different works and artists to explore how they vary and
the extent to which they might provide a defining signature of
different artists. The second was to examine how these gamuts are
related to the color distributions typical of the natural world.
Despite the extensive analyses of the visual properties of art, the
color statistics remain relatively unexplored, and thus it is not clear
whether artists apply their palette to match the world in ways that
parallel their spatial compositions to match the spatial structure of
the environment [12]. Our third aim was to use adaptation to
simulate how paintings might appear to the artists themselves, by
simulating adaptation to their own palette. Artists often spend days
or months composing a work and thus are exposed to their
creations in ways that most other viewers can never be. It is
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reasonable to expect that this exposure alters their perception
through adaptation. For example, portrait artists may adapt to faces
as they depict them, losing sensitivity to asymmetries in the face
(leading to the practice of viewing a mirror image of the painting
in order to detect the asymmetries) [41]. Here we explore how the
colors in different paintings might vary in artists or observers
adapted to the same or different worlds or art collections.

Methods

Image Sets

Paintings were sampled from a variety of artists. For this
exploratory study the sampling was largely arbitrary, and most
were collected by undergraduate students who were asked to find
examples from their favorite artists. Table 1 lists the primary artists
examined. In a second set we also collected images from
professional nature photographers. All of the images were taken
from the internet and thus were uncalibrated. To assess and
partially control for variations in the renderings, for most images
we obtained three versions of the same work. However, we
emphasize that the present study represents analyses of images of
artwork as they are reproduced for public consumption, rather than
directly of the original or calibrated versions of the works.

Table 1: The list of artists sampled and the number of their
works. Typically three versions of each image were included to
partially offset variations in the color rendering.

Artist Number of Works
Mary Cassatt 9

Edgar Degas 9

Frida Kahlo 17

Henri Matisse 12

Claude Monet 21

Rembrandt 9

Diego Riviera 17

Vincent Van Gogh 9

Photographers Number of Photos
Alain Briot 15

Burrard-Lucas 12

Robert Glenn Ketchum 12

Thomas Mangelsen 14

David Muench 13

Eliot Porter 12

Galan Rowell 11

Camille Seaman 12

Color Statistics

For each image we sampled the RGB values over a regular
array of up to 256 by 256 pixels, averaging blocks of pixels so that
the images were all effectively of the same resolution (Figure 1).
The RGB values were converted to luminance and chromaticity
with the reference triplet of 128 set to a fixed luminance and the
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chromaticity of Illuminant E. Individual values were then
represented as contrasts in a cone-opponent space defined by three
dimensions corresponding to LvsM, SvsLM, and achromatic axes
[42]. Contrasts along the axes were scaled based on previous
studies to roughly equate sensitivity to the different dimensions
and to allow comparison with our previous measurements of
natural color distributions. The scaling corresponded to:

LM = 1955 * (I - 0.66563)
S =6537 * (symp — 0.015446)
LUM =70 * (luminance - Lumavg) / 128

Where 1, and s, are the coordinates of the MacLeod-Boynton
chromaticity diagram [43].

In the analyses we first examined the mean image color and
the distribution of color contrasts. Images were then adjusted for
the mean (equivalent to von Kries adaptation) with the contrast
distributions again evaluated. These distributions were summarized
by calculating the three orthogonal principal components of the
color gamut, with each representing a vector whose angle
corresponds to the direction of variation in the color-luminance
space and whose length corresponds to the variance of the color
signals along the axis. We also analyzed the color distributions by
calculating the average responses along different directions in the
color-luminance space. These were sampled at intervals of 22.5
deg within the chromatic or color-luminance planes. The mean
responses in each corresponded to the dot product of the pixel’s
color vector and the sampled direction. These sampled values
correspond to the mean responses in the contrast mechanisms
described in the adaptation simulations.

Figure 1. An example of an image (Van Gogh’s “Irises”) and the computed
color distribution in the cone-opponent space. The bounding contour shows
the mean contrast responses along different directions in the chromatic plane,
while the dashed line shows the principal axis of chromatic variation in the
image. (Digital image courtesy of the Getty’s Open Content Program)

Adapting Images

In the second phase we rendered individual images by
applying a model of color adaptation in the human visual system
[39, 40]. The model, which we developed previously, is based on
simple but plausible assumptions about how color is encoded and
calibrated, and has two stages, corresponding to the cones and to
postreceptoral channels (Figure 2). The cones are adapted for the
average color and luminance in the image by scaling their
sensitivity so that the responses to the mean of the adapting
distribution is equivalent to the response to a reference white. This
implements von Kries adaptation according to the mean of the
color ensemble. At the postreceptoral stage, the channels combine
the scaled cone signals linearly to respond to the contrasts along
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different directions in the color-luminance space. As noted above,
the mechanism sensitivities correspond to the vectors calculated
above. For the purpose of the modeling, we used a set of 26
mechanisms tuned to angles at 45 deg intervals in the space. The
large number of these “higher-order” mechanisms is necessary and
sufficient to represent the observed selectivity of chromatic
contrast adaptation for arbitrary directions in color space [44, 45].
The number also reflects the fact that each axis is represented by a
pair of unipolar mechanisms (e.g. the LvsM axis is encoded by two
channels sensitive to +L/-M and —L/+M). As in the first stage of
the cones, adaptation at the second stage is achieved by scaling the
sensitivity of each mechanism independently so that the mean
response to the current image or color distribution equals the mean
response to a reference distribution. Thus after adaptation the
model observer gives the same mean color response to the current
distribution as they did to a given reference distribution. Finally,
the colors in the image are rendered by summing the contrasts
along the three cardinal axes of the space and converting these
adapted signals back to RGB values for display.

{10 HAf BAL

opponent non-opponent

opponent

Figure 2. A schematic of the model of color coding and adaptation. (Figure
reproduced with permission from [46]).

Results

Color Distributions

Figure 3 shows plots of the color statistics of the sampled art
images. The left panel plots the mean chromaticities in LvsM and
SvsLM space. The right panel instead plots the dominant angle of
the color distributions. A conspicuous feature of the variations in
both the average color and the color contrasts is that they are
strongly clustered along the negative diagonal (i.e. second and
fourth quadrant) of the chromatic plane. This is a direction that
corresponds to bluish and yellowish hues, suggesting that the
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images of the paintings as a whole tend to vary more in bluish and
yellowish contrasts. Note that the peak axes tend to lie along
angles of about -40 deg, which are more reddish (orange) and
greenish (cyan) than a typical unique blue and yellow [47]).
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Figure 3. a) Average chromaticities of the art images, plotted in the MacLeod-
Boynton space. b) Dominant angles of the color distributions within the scaled
LvsM and SvsLM space.

This “bluish-yellowish” bias is further illustrated in Figure 4,
which plots the mean contrasts along the different directions in the
chromatic plane. Here each contour represents the responses
averaged across all of the sampled paintings from a given artist.
The different artists vary widely in mean contrast, from the fairly
muted colors used by Degas to the high saturations in the paintings
of Matisse. However, painters are again similar in terms of the
biases in the color gamuts, with the contours consistently rotated
toward the negative diagonal.

A similar bias in the color gamut is observed in the color
distributions found for many natural outdoor environments [33,
34]. Natural scenes include blue sky and brownish and yellowish
terrains, and thus again have distributions that are rotated toward a
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blue yellow axis, though these can vary with the type of
vegetation. For example, lush scenes dominated by foliage tend to
vary more along the S axis of the color space, while arid
panoramic scenes are more dominated by blue and yellow [33, 48].
This suggests at least a general correspondence between the color
palettes applied by artists and the palettes the world exposes them
to.
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Figure 4. a) Mean contrast responses along different directions of the
chromatic plane. Each contour plots the average from all paintings sampled
for a single artist. b) Mean contrast responses for images from different
professional outdoor photographers. ¢) and d) The contours of panels a) and

b) replotted within a perceptually uniform color space (CIE Lab).
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To further test this idea we also compared the gamuts from
the paintings to the color distributions taken from a set of nature
photographers. Again these images were uncalibrated samples
from the internet, but in this sense provide an appropriate baseline
for assessing how images of the actual world compare to images of
painted renderings. As illustrated in Figure 4b, there is once again
a clear bias in the color distributions, consistent with the general
biases observed in measurements of actual environments. (A
notable exception in our limited sample is the images of wildlife
photographer Burrard-Lucas, whose images have color gamuts
stretched along the vertical SvsLM axis. However as noted, such
distributions are characteristic of scenes with lush foliage and thus
are within the range of variations found in natural environments.)

One possible account for these blue-yellow biases is that
observers — both lay and artists — are adapted over the long-term to
the color characteristics of the environment. Specifically, they may
be less sensitive to bluish and yellowish directions because these
directions have higher stimulus contrasts, so that their color
percepts are roughly uniform. Consistent with this idea, the relative
salience of different color and luminance variations are roughly
predictable from the relative contrasts of the axes in natural scenes
[49]. Moreover, this bias is a prominent feature of perceptually
uniform color spaces, in which equal distances within the space are
scaled to represent equal perceptual steps [50]. When a uniform
distribution of cone-opponent signals is represented in these
spaces, the distribution again becomes elongated along bluish-
yellowish axes [50, 51]. This also predicts that the gamut biases we
found for both paintings and photographs should be removed or
reduced if the gamuts are instead plotted in a uniform color space.
This is shown in Figures 4c and 4d, which shows that the contours
are now more circular when represented by their coordinates in
CIELAB. To conclude, these analyses suggest two points: first, the
color gamuts employed by painters and photographers — at least as
depicted in digital media — show characteristic biases consistent
with the biases found in natural outdoor environments; and second,
these biases are consistent with roughly more perceptually uniform
representations of color, which could reflect an adaptation to the
natural color environment.

Adaptation

Despite these strong regularities, the color composition of the
images also vary markedly both within and between artists. As
noted, a further goal of our work was to explore how an image
from one artist might appear when “adapted” to the colors from the
palette of a different artist. In this case, we used the values in
Figures 4a and b to define the reference and test responses for a
given pair of artists. The mean responses to the test palette were
then scaled to match the mean responses for the reference palette.
Figures 5-7 show examples of the images rendered in this way. In
Figure 5, the paintings from Edgar Degas and Rembrandt are each
adapted to the average color scheme of the other painter. The upper
panels show the original images, while the lower panels illustrate
how the colors might appear to an observer looking at Degas but
adapted to Rembrandt, or vice versa. In Figure 6, we instead
compare two images from the same artist, Claude Monet. In this
case, the panel on the left depicts a work from late in life, while the
panel on the right depicts the same image adjusted to show the
average color gamut from body of his sampled work. Finally,
Figure 7 shows an example where the painting is adapted to the
range of colors in a typical outdoor environment. That is, in this
case the mean response to the painting is equivalent to the average
outdoor response. The changes depict how Cassatt and Van Gogh
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Figure 5. Comparison of two images, cross-adapted to the palettes of each
artist. a) and b) paintings by Edgar Degas and Rembrandt. ¢) and d) The
same paintings adapted to the estimated palette of the other artist. (Digital
images courtesy of the Getty’s Open Content Program)

Figure 6. 2 A paint from late in Monet's career, adapted to his average
sampled palette. (Digital image courtesy of the Metropolitan Museum’s Open
Content Program)

Figure 7. A Cassatt or van Gogh adjusted to match natural color distributions.
(Images courtesy of the Metropolitan Museum’s Open Content Program)
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might have experienced their own work if they were fully adapted
to the colors in the painting (and if that adaptation was equivalent
to the adaptation state induced by the sampled natural world).

Discussion

Our results suggest that the color gamuts employed by artists
tend to parallel the gamuts typical of the natural visual
environment, and in particular exhibit the “bluish-yellowish”
biases characteristic of many natural environments. At some level
this is perhaps unsurprising, for artists are often trying to portray
properties of the world in their paintings. However, these
properties themselves are not fully established, and it is for
example still uncertain what the dominant color variations in our
environments are, and how these are related to the dimensions
underlying visual coding of color. For example, early mechanisms
appear tuned to the LvsM and SvsLM cardinal axes [42] and thus
do not appear optimal for representing bluish-yellowish
distributions, because these distributions produce correlated
variations along the cardinal axes. However, a number of lines of
evidence point to blue-yellow biases in color coding, such that
visual sensitivity is weaker for bluish-yellowish directions
compared to reddish-greenish directions with the same cardinal
axis contrasts. For example, achromatic settings show larger
variability along the blue-yellow axis [27, 52-54], suprathreshold
blues and yellows appear less salient [55, 56], and neural responses
in primary visual cortex as measured by fMRI are weaker for blue
and yellow [57]. Moreover as described above, this bias is in fact
built into the structure of most uniform color metrics [51, 58]. The
present results add to this list by showing that blue-yellow biases
are prevalent not only in the world and the brain, but in artists’
portrayals of the world.

Of course art is often driven by ideals of aesthetics rather than
reproduction, and our findings also suggest that the color schemes
employed by artists may in part be seen as more harmonious or
pleasing precisely because they mimic properties of natural color
distributions. Juricevic et al. in fact found that when observers
judged color distributions presented as filtered noise or random
Mondrians, blues and yellows were rated as more comfortable and
more aesthetic than other hue axes with equivalent cone-opponent
contrasts [19]. Recently Nascimento et al. have also observed that
observers prefer art images when rendered in close to their original
(intended) colors [59]. The present results suggest that this may
occur because both artists and their audience prefer natural color
palettes. In both the Juircevic and Nascimento studies the colors
were manipulated by rotating the distributions within a color space.
However, the present approach provides an alternative way to test
these hypotheses by explicitly rendering an image with natural or
unnatural color distributions. This could test whether observers
might actually prefer a painting with a natural color gamut even
when the artist chose an unnatural color scheme.

The method we developed for “adapting images” has a
number of potential applications for the representation and analysis
of art. First as we have emphasized, adaptation is arguably critical
to incorporate in simulations that attempt to portray how the world
might look to others. Our approach allows simulations of how
artists might experience their own works or each other’s. Further,
including this adaptation may better simulate the consequences of
visual deficiencies, and in general help illustrate that an artist’s
impression of the world is less susceptible to a visual deficit or
change than their sensitivity alone might predict [39]. The method
we describe also provides a novel technique for rendering images
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for specific effects or even specific audiences. For example,
observers living in and adapted to different worlds — or to the same
world as its colors cycle over the day or the year — may perceive
color differently [35, 60], and images could be tailored to the
changes in their adapted states.

Adapting images in this way is not specific to color, and could
be generalized to a number of other stimulus attributes. For
example, face perception may involve similar norm-based coding
schemes to color, and the norms may also be calibrated by
adaptation in similar ways [61, 62]. That is, an individual face may
be represented by how it differs from a prototype, in the same way
that a hue is encoded by how it differs from gray; and both the face
and spectral stimulus that appears neutral or gray are likely set by
adaptation to the ambient social or spectral environment. Average
faces appear more attractive [63], and it has been suggested that
when an artist portrays an idealized attractive face they may be
painting a self-portrait. Such ideas follow naturally from the
assumption that we are more strongly adapted to our own familial
or social group’s characteristics and that this can affect judgments
of attractiveness [64, 65]. As we have shown here for color,
portraits could similarly in principle be adapted to simulate how
the faces might appear through the artist’s eyes.

Acknowledgements
Supported by EY-10834. Dedicated to the memory of John Krauskopf.

References

[1] F. Ratliff, Paul Signac and Color in Neo-impressionism:
Rockefeller University Press, 1992.

[2] M. Livingstone and D. Hubel, Vision and Art: The Biology of
Seeing: Abrams, 2008.

[3] S. Zeki, Inner Vision: An Exploration of Art and the Brain:
Oxford University Press, 2000.

[4] R. Solso, Cognition and the Visual Arts: Bradford, 1996.

[5] F. Ratliff, "Contour and contrast," Proceedings of the American
Philosophical Society, vol. 115, pp. 150-163, 1971.

[6] J. W. Von Goethe and C. L. Eastlake, Theory of colours (No. 3):
Mit Press, 1970.

[7] J. M. Kennedy, A Psychology of Picture Perception: Jossey-
Bass, 1974.

[8] C. W. Tyler, "Painters centre one eye in portraits," Nature, vol.
392, pp. 877-878, 1998.

[9] L. L. Kontsevich and C. W. Tyler, "What makes Mona Lisa
smile?," Vision Res, vol. 44, pp. 1493-8, 2004.

[10] Y. Ostrovsky, P. Cavanagh, and P. Sinha, "Perceiving

illumination inconsistencies in scenes," Perception, vol. 34, pp.
1301-1314, 2005.

[11] P. Cavanagh, "The artist as neuroscientist," Nature, vol. 434, pp.
301-7, Mar 17 2005.
[12] D. J. Graham and C. Redies, "Statistical regularities in art:

Relations with visual coding and perception," Vision Res, vol.
50, pp. 1503-9, Jul 21 2010.

[13] R. P. Taylor, A. P. Micolich, and D. Jonas, "Fractal analysis of
Pollock's drip paintings," Nature, vol. 399, pp. 422-422, 1999.
[14] D. J. Graham and D. J. Field, "Variations in intensity statistics

for representational and abstract art, and for art from the Eastern

HVEI-144.6



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

(24]

[25]

[26]

(27]

(28]

[29]

[30]

[31]

and Western hemispheres," Perception, vol. 37, pp. 1341-52,
2008.

D. J. Graham and D. J. Field, "Statistical regularities of art
images and natural scenes: spectra, sparseness and
nonlinearities," Spat Vis, vol. 21, pp. 149-64, 2007.

R. P. Taylor, B. Spehar, P. Van Donkelaar, and C. M.
Hagerhall, "Perceptual and Physiological Responses to Jackson
Pollock's Fractals," Front Hum Neurosci, vol. 5, p. 60, 2011.

C. M. Hagerhall, T. Laike, M. Kuller, E. Marcheschi, C.
Boydston, and R. P. Taylor, "Human physiological benefits of
viewing nature: EEG responses to exact and statistical fractal
patterns," Nonlinear Dynamics Psychol Life Sci, vol. 19, pp. 1-
12, Jan 2015.

D. Fernandez and A. J. Wilkins, "Uncomfortable images in art
and nature," Perception, vol. 37, pp. 1098-113, 2008.

1. Juricevic, L. Land, A. Wilkins, and M. A. Webster, "Visual
discomfort and natural image statistics," Perception, vol. 39, pp.
884-99, 2010.

D. Graham, B. Schwarz, A. Chatterjee, and H. Leder,
"Preference for luminance histogram regularities in natural
scenes," Vision Res, Apr 11 2015.

P. Lanthony, Art & Ophthalmology: The Impact of Eye Diseases
on Painters, Vol. 12 (History of Ophthalmology - The
Monographs ) Kugler Publications, 2009.

M. S. Livingstone, R. Lafer-Sousa, and B. R. Conway,
"Stereopsis and artistic talent: poor stereopsis among art
students and established artists," Psychol Sci, vol. 22, pp. 336-8,
Mar 2011.

T. C. Lee, "Van Gogh's vision. Digitalis intoxication?," Journal
of the American Medical Association, vol. 245, pp. 727-729,
1981.

J. S. Werner, "Aging through the eyes of Monet," in Color
Vision: Perspectives from Different Disciplines, W. G. K.
Backhaus, R. Kliegl, and J. S. Werner, Eds., ed: Walter de
Gruyter, 1998, pp. 3-41.

S. M. Anstis, "Was El Greco astigmatic?," Leonardo, vol. 35, p.
208, 2002.

L. Sawides, S. Marcos, S. Ravikumar, L. Thibos, A. Bradley,
and M. Webster, "Adaptation to astigmatic blur," J Vis, vol. 10,
p- 22,2010.

J. S. Werner and B. E. Schefrin, "Loci of achromatic points
throughout the life span," Journal of the Optical Society of
America A, vol. 10, pp. 1509-1516, Jul 1993.

M. A. Webster, M. A. Georgeson, and S. M. Webster, "Neural
adjustments to image blur," Nature Neuroscience, vol. 5, pp.
839-40, Sep 2002.

P. Artal, L. Chen, E. J. Fernandez, B. Singer, S. Manzanera, and
D. R. Williams, "Neural compensation for the eye's optical
aberrations," J Vis, vol. 4, pp. 281-7, Apr 16 2004.

L. Sawides, P. de Gracia, C. Dorronsoro, M. A. Webster, and S.
Marcos, "Vision is adapted to the natural level of blur present in
the retinal image," PLoS One, vol. 6, p. 27031, 2011.

M. A. Webster, "Visual adaptation," Annual Review of Vision
Science, vol. 1, pp. 547-567, 2015.

IS&T International Symposium on Electronic Imaging 2016
Human Vision and Electronic Imaging 2016

[32]

[33]

[34]

[33]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.16HVEI-144

P. B. Delahunt, M. A. Webster, L. Ma, and J. S. Werner, "Long-
term renormalization of chromatic mechanisms following
cataract surgery," Visual Neuroscience, vol. 21, pp. 301-7, May-
Jun 2004.

M. A. Webster and J. D. Mollon, "Adaptation and the color
statistics of natural images," Vision Research, vol. 37, pp. 3283-
3298, Dec 1997.

M. A. Webster, Y. Mizokami, and S. M. Webster, "Seasonal
variations in the color statistics of natural images," Network,
vol. 18, pp. 213-33, Sep 2007.

L. E. Welbourne, A. B. Morland, and A. R. Wade, "Human
colour perception changes between seasons," Curr Biol, vol. 25,
pp. R646-7, Aug 3 2015.

M. A. Webster, "Human colour perception and its adaptation,"
Network: Computation in Neural Systems, vol. 7, pp. 587-634,
1996.

K. McDermott, 1. Juricevic, G. Bebis, and M. A. Webster,
"Adapting images to observers," in Human Vision and
Electronic Imaging, SPIE. vol. 68060, B. E. Rogowitz and T. N.
Pappas, Eds., ed, 2008, pp. V-1-10.

1. Juricevic and M. A. Webster, "Variations in normal color
vision. V. Simulations of adaptation to natural color
environments," Vis Neurosci, vol. 26, pp. 133-45, Jan-Feb 2009.
M. A. Webster, . Juricevic, and K. C. McDermott, "Simulations
of adaptation and color appearance in observers with varying
spectral sensitivity," Ophthalmic Physiol Opt, vol. 30, pp. 602-
10, Sep 2010.

M. A. Webster, "Probing the functions of contextual modulation
by adapting images rather than observers," Vision Res, Oct 2
2014.

K. Morikawa, "Adaptation to asymmetrically distorted faces and
its lack of effect on mirror images," Vision Research, vol. 45,
pp- 3180-3188, Nov 2005.

A. M. Derrington, J. Krauskopf, and P. Lennie, "Chromatic
mechanisms in lateral geniculate nucleus of macaque," Journal
of Physiology, vol. 357, pp. 241-65, Dec 1984.

D. I. MacLeod and R. M. Boynton, "Chromaticity diagram
showing cone excitation by stimuli of equal luminance," J Opt
Soc Am, vol. 69, pp. 1183-6, Aug 1979.

M. A. Webster and J. D. Mollon, "The influence of contrast
adaptation on color appearance," Vision Research, vol. 34, pp.
1993-2020, Aug 1994.

J. Krauskopf, D. R. Williams, M. B. Mandler, and A. M.
Brown, "Higher order color mechanisms," Vision Res, vol. 26,
pp- 23-32, 1986.

M. A. Webster, "Probing the functions of contextual modulation
by adapting images rather than observers," Vision research, vol.
104, pp. 68-79, 2014.

M. A. Webster, E. Miyahara, G. Malkoc, and V. E. Raker,
"Variations in normal color vision. II. Unique hues," J Opt Soc
Am A Opt Image Sci Vis, vol. 17, pp. 1545-55, Sep 2000.

D. L. Ruderman, T. W. Cronin, and C. C. Chiao, "Statistics of

cone responses to natural images: implications for visual

HVEI-144.7



[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

coding," Journal of the Optical Society of America A, vol. 15,
pp. 2036-2045, 1998.

K. C. McDermott and M. A. Webster, "The perceptual balance
of color," J Opt Soc Am A Opt Image Sci Vis, vol. 29, pp. A108-
17, Feb 1 2012.

K. C. McDermott and M. A. Webster, "Uniform color spaces
and natural image statistics," J Opt Soc Am A Opt Image Sci Vis,
vol. 29, pp. A182-7, Feb 1 2012.

K. A. G. Smet, M. A. Webster, and L. A. Whitehead, "A Simple
Principled Approach for Modeling and Understanding Uniform
Color Metrics," Journal of the Optical Society of America A, in
press.

M. A. Webster and D. Leonard, "Adaptation and perceptual
norms in color vision," Journal of the Optical Society of
America A, vol. 25, pp. 2817-25, Nov 2008.

J. M. Bosten, R. D. Beer, and D. I. MacLeod, "What is white?,"
J Vis, vol. 15, p. 5, Dec 1 2015.

T. Chauhan, E. Perales, K. Xiao, E. Hird, D. Karatzas, and S.
Wauerger, "The achromatic locus: effect of navigation direction
in color space," J Vis, vol. 14,2014.

K. C. McDermott, G. Malkoc, J. B. Mulligan, and M. A.
Webster, "Adaptation and visual salience," J Vis, vol. 10, p. 17,
2010.

A. D. Winkler, L. Spillmann, J. S. Werner, and M. A. Webster,
"Asymmetries in blue-yellow color perception and in the color
of 'the dress'," Curr Biol, vol. 25, pp. R547-8, Jun 29 2015.

E. Goddard, D. J. Mannion, J. S. McDonald, S. G. Solomon,
and C. W. G. Clifford, "Combination of subcortical color
channels in human visual cortex," Journal of Vision, vol. 10, pp.
1-17,2010.

K. C. McDermott and M. A. Webster, "Uniform color spaces
and natural image statistics," Journal of the Optical Society of
America A, in press.

S. M. Nascimento, J. M. Linhares, C. A. Jodo, K. Amano, C.
Montagner, M. J. Melo, and M. Vilarigues, "Estimating the
Colors of Paintings," in Computational Color Imaging, 2015,
pp. 236-242.

G. Malkoc, P. Kay, and M. A. Webster, "Variations in normal
color vision. IV. Binary hues and hue scaling," J Opt Soc Am A
Opt Image Sci Vis, vol. 22, pp. 2154-68, Oct 2005.

T. Valentine, M. B. Lewis, and P. J. Hills, "Face-space: A
unifying concept in face recognition research," Q J Exp Psychol
(Hove), pp. 1-24, Jan 27 2015.

M. A. Webster and D. I. A. MacLeod, "Visual adaptation and
face perception," Philos Trans R Soc Lond B Biol Sci, vol. 366,
pp. 1702-25, Jun 12 2011.

J. H. Langlois and L. A. Roggman, "Attractive faces are only
average," Psychological Science, vol. 1, pp. 115-121, 1990.

G. Rhodes, L. Jeffery, T. L. Watson, C. W. G. Clifford, and K.
Nakayama, "Fitting the mind to the world: Face adaptation and
attractiveness aftereffects," Psychological Science, vol. 14, pp.
558-566, Nov 2003.

G. Buckingham, L. M. DeBruine, A. C. Little, L. L. M. Welling,
C. A. Conway, B. P. Tiddeman, and B. C. Jones, "Visual

IS&T International Symposium on Electronic Imaging 2016
Human Vision and Electronic Imaging 2016

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.16HVEI-144

adaptation to masculine and feminine faces influences
generalized preferences and perceptions of trustworthiness,"
Evolution and Human Behavior, vol. 27, pp. 381-389, Sep 2006.

Author Biography

Katherine Tregillus is a doctoral student in the Cognitive and
Brain Sciences Graduate Program at the University of Nevada,
Reno. Her research focuses on color and adaptation in the human
visual system. Michael Webster is Professor of Psychology at UNR
and Director of the university’s Center for Integrative
Neuroscience (an NIH COBRE). His research includes empirical
and theoretical studies of color and form perception and how
perception is shaped by adaptation to the observer’s environment.

HVEI-144.8



