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Saliency-based color accessibility
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Abstract Perception of color varies markedly
between individuals because of differential ex-
pression of photopigments in retinal cones.
However, it has been difficult to quantify the
individual cognitive variation in colored scene
and to predict its complex impacts on the be-
haviors. We developed a method for quan-
tifying and visualizing information loss and
gain resulting from individual differences in
spectral sensitivity based on visual salience.
We first modeled the visual salience for color-
deficient observers, and found that the pre-
dicted losses and gains in local image salience
derived from normal and color-blind models
were correlated with the subjective judgment
of image saliency in psychophysical experi-
ments, i.e., saliency loss predicted reduced
image preference in color-deficient observers.
Moreover, saliency-guided image manipula-
tions sufficiently compensated for individual
differences in saliency. This visual saliency ap-
proach allows for quantification of information
extracted from complex visual scenes and can
be used as an image compensation to enhance
visual accessibility by color-deficient individu-
als.
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1 Introduction

The exclusivity of subjective experience partly de-
pends on individual differences in sensory percep-
tion. For example, congenital differences in the ex-
pression of color-sensitive photopigments alter indi-
vidual’s perception of complex visual scenes [1, 2].
Thus, differences with regard to visual perception
exist among individuals. A majority of humans are
trichromatic, i.e., different colors are encoded by the
population-activity of long-wavelength (L)-, middle-
wavelength (M)-, and short-wavelength (S)-sensitive
cones. Observers lacking one class of photopigments
are deficient in their ability to discriminate colors;
i.e., they are blind to the difference between a cer-
tain pair of colors, such as red or green. This di-
vergence in color vision is a major consequence of
genetic polymorphisms [2] (Fig. 1a). There are cur-
rently few practical methods to medically compen-
sate such color-vision deficient (CD) observers so that
they have common trichromatic vision, although gene
therapies under development may soon provide a cure
[3]. An alternative strategy to enhance visual acces-
sibility for CD individuals is the compensatory de-
sign of visual material with sufficient information to
be perceived by all viewers, including CD observers
[4, 5, 6, 7].

Several graphical techniques can partially mimic
the visual experiences of CD individuals [8, 9] by re-
placing each set of indistinguishable colors by a single
color chosen to be along one of the chromatic confu-
sion lines of dichromats [10, 11, 12] (Fig. 1b). This
procedure provides precise chromatic metamers for
dichromats. However, interpreting the simulation re-
sults is problematic because the selection of repre-
sentative colors is not uniquely determined but con-
tains ambiguity that depends on the algorithm used.
For example, various combinations of red, green, and
yellow can be used to simulate the appearance of
those colors in “red–green” dichromat vision. More-
over, it has been difficult to evaluate unstructured vi-
sual data, such as natural images, directly from these
simulations. It is difficult to choose the best image
parameters because the interpretation of a simula-
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tion’s output depends on subjective impressions by
the viewer, and comparing subjective experiences like
color perception among individuals is not straightfor-
ward. A possible approach to comparing such sub-
jective experiences is mapping the high-dimensional
perceptual content onto a common low-dimensional
subspace and defining a perceptual difference met-
ric as the distance measured in that subspace. A
näıve way to do this is to measure the chromatic con-
trast (distance in a specific color space) in the sim-
ulated images, but the problem of the ambiguity in
color mapping remains unsolved. In addition, a sim-
ple color-difference analysis cannot account for coun-
terexamples where dichromatic vision is superior to
normal trichromacy: dichromat observers sometimes
have advantages at finding camouflaged objects (e.g,
predator/prey in the natural environment) against a
multicolored background [13, 14, 15, 16, 17], and its
ecological function is capturing attention in the con-
text of animal and human behaviors [16, 17, 18, 19].

In this study, we propose visual saliency [20, 21,
22, 23] as an alternative subspace in which to quan-
tify perceptual differences (Fig. 1c). The concept
of visual salience was first proposed in the context
of cognitive science [20], and later specific computa-
tional implementations were proposed [22]. Saliency
is widely used in studies on human visual attention,
which is affected by the spatiotemporal context in vi-
sual stimulus; for example, it has been intensively re-
ported that saliency models predict many properties
of bottom-up visual attention in trichromatic human
observers [23, 24, 25]. Although generally the term
“saliency” can reflect various aspects of perceptual
performance, including eye movements, in this study
we will use this term to denote the visual conspicuity
predicted from image features. As implied by pre-
vious studies [15], the notion of visual saliency po-
tentially accounts for the complexity in the relation-
ships between color vision and cognitive ability. How-
ever, there have been surprisingly few studies that
have examined the saliency model and its behavioral
implications for observers lacking trichromatic color
vision, despite suggested importance of color infor-
mation in object recognition by human [26, 27] and
machine vision [28, 29]; for example, psychophysical
study suggests that color information interacts with
visual object representation at multiple processing
levels [27]. In order to test whether and how much
the proposed saliency analysis is relevant to human
perception, we developed a psychophysical method
to compare the perceptual content across observers
in terms of visual salience, and the results suggested
that a theoretically derived saliency-loss value (L) is
correlated with the difference in subjective percep-

tual saliency reported by normal and CD observers.
Moreover, further experiments revealed that this dif-
ference in image preference could be ameliorated by
manipulating the visual stimuli so that there would
be a low saliency difference between trichromat and
CD observers, thereby establishing a causal relation-
ship between the quantified image salience and the
perceptual judgments. This finding underscores the
reliability of the present saliency-based approach for
measuring perceptual divergence ressulting from vari-
ability in color vision and its potential for quantita-
tively relating color vision polymorphism and behav-
ioral divergence. The present approach also provides
a promising and practical strategy for the design of
visual content accessible by observers with a range
of spectral sensitivities, including those with color-
vision deficiency.

Figure 1: The considered problem and the proposed ap-

proach. (a) The problem. Two observers with different color

visions have distinct perceptual experiences for the physically

identical stimulus. (b) Previous approach based on color con-

version. (c) The proposed approach based on visual salience.
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Figure 2: Computation of the saliency loss. (a) A model of

saliency map for control observer having the common trichro-

matic vision. (b) Hypothetical computation of saliency maps

from the responses of dichromat observers, where the figure

shows the case of deuteranopia. CSA: center-surround antag-

onism.

2 Methods

2.1 Model of visual information diver-
gence

To compare the color perception between trichro-
matic and dichromatic observers when viewing com-
plex visual scenes, we introduced the metric of
saliency loss (L). If we have two saliency maps that
are derived from two different visual processing mod-
els (e.g., trichromacy and dichromacy), the structural
divergence between the maps will ideally capture the
characteristics of perceptual differences between the
two observers. The saliency divergence was derived
in the three steps described below: (1) models of the
early sensory system, (2) derivation of saliency maps,
and (3) quantification of saliency divergence. The
first two steps can be applied to different visual pro-
cessing models by changing their parameters.

2.1.1 Models of the early sensory system

Opponent color maps. First, we predicted the
early sensory encoding of color, luminance, and ori-
entation, according to models of the cone distribution

Figure 3: Computation of saliency divergence. (a) Origi-

nal image. (b) Simulation of dichromatic vision. (c) Saliency

map computed for a trichromatic observer. (d) Saliency map

computed for a dichromatic observer. The arrows indicate the

flow of processing; note that the dichromatic saliency map is

directly derived from the original image instead of the simu-

lation shown in (b). (e) The distribution of information loss

visualized as the divergence between two saliency maps.

and subsequent opponent-color processing (Figs. 2a
and 2b). Note that the previously proposed simula-
tion methods (e.g., [8, 9]) do not consider the color-
opponency system but reconstruct the images on the
basis of cone response (LMS) space to simulate the
color confusions experienced by dichromat observers.
To link the cone configuration and later visual pro-
cessing stage, we extended the original model of vi-
sual salience [22] by introducing a more biologically
plausible model of color opponency in the early vi-
sual system (Table. 1); here, the chromatic infor-
mation is represented in the Derrington-Krauskopf-
Lennie (DKL) color space, which reflects the pref-
erences of retinal ganglion cells and lateral genicu-
late nucleus (LGN) neurons [30] and may describe
the bottom-up attention resulting from early visual
processing [31].

Table 1: Models of early visual system for the individual color

vision types.

Cones Opponent signals

S M L
“blue– “red–

luminance
yellow” green”

Protanope » » – S–M – M

Deuteranope » – » S–L – L

Tritanope – » » – L–M L+M

Common » » » S–(L+M) L–M L+M
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To date, there is no established color space model
for dichromats or anomalous trichromats, although
some studies suggest that “red” and “green” can be
discriminated through variations in the optical den-
sity of pigments [32] or additional nonlinear compu-
tations based on existing cones [33]. In this study,
we simply assumed that the color opponency of the
missing cone type is absent (Fig 2b): that is, in
the computation of the luminance and chromatic sig-
nals, an “L+M” signal was substituted with M for
protanopia, and with L for deuteranopia. (e.g., for
protanopia, the “luminance” and “blue-yellow” sen-
sitive components were proportional to M and S/M,
respectively). The L-M dimension was not computed
for protanopia and deuteranopia, while the S dimen-
sion was not computed for tritanopia. We modeled
opponent-color spaces for anomalous trichromats in
the same way as the common trichromat but with
different cone sensitivity functions [7]: we utilized
the L (M) cone sensitivity functions for protanomaly
(deuteranomaly) observers that is reported in [34].
Finally, we assumed that the visual stimuli are viewed
on a display with sRGB color primaries, and used
Hunt-Pointer-Estevez transformation for making the
conversion from CIE XYZ to LMS space [35]. This
is a parsimonious model that follows basic findings in
the anatomical connectivity in the early visual sys-
tems and a previously verified model [7], without in-
troducing any unreported physiological connections.
The point of our model is to introduce the informa-
tion loss at the level of opponent color coding; we also
observed that the minor changes in the model, includ-
ing the weighting parameters to computing opponent-
color signals, did not affected the main results.

Orientation maps. The orientation maps were de-
rived from the output of the luminance signal. The
orientation filters were products of von Mises orien-
tation selectivity [36] and log-Gaussian spatial fre-
quency selectivity [37, 38], which well describe the
neural receptive fields in the early visual cortex:

wij(k) = eκ cos(∠k−θi)e
− 1

2

(
ln(‖k‖−φj)

σ

)2

(1)

where wij is the filter weight that peaked at the ith
orientation and j th spatial frequency, (θi, φj). k de-
notes a wave vector in the spatial frequency space
that was derived with a two-dimensional Fourier-
transform, ∠k and |k| respectively represent its ori-
entation and absolute value. The tuning parameters
were set as κ = 3 and σ = .5, which roughly approxi-
mated the tuning property in the primary visual cor-
tex [39]. Multiplying the above weight function in the
spatial frequency space simulates convolution of im-

age with a receptive field that is sensitive to local ori-
entation within images. We mainly used four orienta-
tion bands (vertical, horizontal, and two diagonal ori-
entations) and four spatial scales. We also explored
the effect of varying the number of spatial scales in
the additional analysis. Variation in other major pa-
rameters (increasing the number of the orientation
bands, or eliminating the highest or the lowest spa-
tial scale) did not yield any qualitative changes. We
did not extract temporal features since we used only
static images.

2.1.2 Derivation of saliency maps

Center-surround antagonism. Saliency maps
(Figs. 3c, d) were constructed based on the aforemen-
tioned models of early sensory responses. The maps
of different modalities (color, luminance, and orien-
tation) were first independently processed by multi-
scale center-surround antagonistic filters. First, the
local features in the luminance, chromatic, and orien-
tation maps were extracted with center-surround an-
tagonism (CSA) filters. After pixel-wise square rec-
tification of each modality map, CSA filters were ap-
plied on multiple spatial scales by decomposing the
image. Again we used log-Gaussian-type band-pass
filters, which can capture the scale-free property of
natural images [40, 41]. The CSA filter was defined
in the spatial frequency space as follows:

CSAl(k) = exp

(
−1

2

(
ln(‖k‖ − ψl)

s

)2
)

(2)

where ψl is the spatial frequency at which the lth fil-
ter has its peak weight. The peak spatial frequency
of the finest band-pass filter, ψ1, was matched to a
visual angle of 15 cycles/deg (approximately equal to
the half limit resolution of an observer with a visual
acuity of 1.0). The lower spatial frequency bands had
peak weights at the halves of the nearest higher fre-
quency bands, i.e., ψl = ψl−1/2 (l = 2, 3, 4, · · ·). The
smallest spatial-pooling scale (the peak frequency of
the finest band-pass filter) corresponds to pooling
within a disc of diameter 0.07°. Multiplying these
functions in the frequency space simulates the convo-
lution of Mexican-hat-like filters across a feature map,
which extracts local contrasts of the spatial configu-
ration of the feature on multiple scale.

Saliency map. Next, individual CSA filter out-
puts were inverse-Fourier transformed and square-
rectified, in order to produce feature maps fl(r) of
pixel location r for different spatial scales l . Indi-
vidual pixels in these within-scale feature maps were
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summed up across all the spatial scales (L-M and S
components were summed up to derive a color fea-
ture map; four orientation maps were summed up to
derive an orientation feature map), before they were
normalized (i.e., divided by the sum of the values
within the whole image):

F (r;m) ≡
∑
l

fl(r;m)/

(∑
r

∑
l

fl(r;m)

)p
(3)

where the parameter p controlled the effectiveness of
the normalization; we set p = 1 for the main analy-
sis, roughly following Heeger-type normalization [42].
This normalization procedure mimics the neuronal
gain control in the visual pathway [42]. The results
were three feature maps for different modalities m
(luminance, color, and orientation).

Finally, the luminance, color and orientation fea-
ture maps were further unified into a single saliency
map by computing their weighted sum for each pixel:
S(r) =

∑
m F (r;m). We set the weights of the sum-

mation to 1 of the luminance and chromatic maps
and 0.1 for the orientation map for the main analy-
sis. This unified saliency map was again normalized
by the sum of values within the whole image, and this
yielded the final saliency map at pixel r in image I
for an observer Oi: P (r|Oi; I) = S(r)/

∑
r S(r), as a

probability distribution. Note that the saliency map
for a dichromat observer (Fig. 3d) is not identical
to the map obtained by using the simulated dichro-
matic image (Fig. 3b) in the conventional trichro-
matic saliency analysis.

2.1.3 Quantification of saliency divergence

Finally, a spatial distribution of “saliency loss and
gain” was obtained by comparing the two different
saliency maps (Fig. 3e) between groups (normal vs.
CD). We quantified the local information loss (or
gain) value L for observer Oi compared with another
arbitrary observer Oj as

L(r; I) ≡ lnP (r|Oi; I)− lnP (r|Oj ; I) (4)

where ln denotes the natural logarithm. A negative
L value means a saliency gain for observer Oi, and we
refer it as a “saliency gain”. Note that if we regard
saliency value P (r|Oi) at pixel pixels r as the putative
probability density of attentional attraction, the ex-
pected value of loss L over the whole image for a given
observer Oi corresponds to the Kullback–Leibler di-
vergence (an information-theoretic measure of the
distributional difference, or pseudo-distance[43]) be-
tween the saliency maps for two observers:

D(r; I) (5)

≡ DKL[P (r|Oi; I)||P (r|Oj ; I)]

= E[L(r; I)|Oi]
=
∑
r

P (r|Oi; I) {lnP (r|Oi; I)− lnP (r|Oj ; I)}

This can be interpreted as the distance between for
the two saliency maps, measured from observer Oi to
observer Oj . Note that the above measure takes zero
value only if P (r|Oi; I) = P (r|Oj ; I) for every r.

Figure 4: Results of color-vision characterization with color

matching task (selecting the closest matching color to the ref-

erence color) in the control and color-vision-deficient (CD)

groups. The colored markers indicate the points that the par-

ticipant judged as the same the reference color. The gray cir-

cles depicts the manifolds from which the participants selected

the matched colors. The black lines indicates the angular mean

of the selected colors for each individual. The data for all con-

trol and CD participants are superimposed.

2.2 Psychophysical experiments

2.2.1 Experiment 1: Dichromat simulation

This experiment was for testing whether and how the
saliency-based model can be related to the interob-
server differences in the characteristics of color vision.

Participants Five CD participants (males, 22-34
years old) and 18 control participants (12 females and
6 males, 18-40 years old) with normal color vision
judged the subjective saliency of the presented im-
ages. The study was approved by the Ethics Commit-
tee of the Science & Technology Research Laborato-
ries, Japan Broadcasting Corporation, and performed
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Figure 5: The visual stimuli for Experiment 1. The par-

ticipants compared the original image vs. the corresponding

dichromat simulation (DS), which were presented (a) with or

(b) without spatial context.

Figure 6: The information loss values in the original and SBR

images. Error bars indicate the standard error of the mean.

according to the Declaration of Helsinki. All subjects
gave written informed consent before taking part in
the study. The visual properties of the participants
were doubly confirmed by their taking the Ishihara
test [44], which is used for discriminating congenital
color deficiency from normal vision, and performing
an additional color matching task that was modified
from [45].

The Ishihara test score suggested that five had CD.
The CD participants showed responses that were con-
sistent except for a single participant who responded
differently from the other four and from the response
pattern described in the Ishihara chart. This partic-
ipant was excluded from the main analysis of the ex-
periment to ensure relative uniformity of visual abil-
ities within each group. However, we also confirmed

Figure 7: The visual stimuli for Experiment 2. The par-

ticipants compared the original image vs. the corresponding

image after modification by saliency-based recoloring (SBR),

which were (a) with or (b) without spatial context.

Figure 8: Schematic illustration of the experimental design.

that the general pattern and statistical significance of
the main results were maintained when we included
this participant in the analysis.

The results of the color matching task also con-
firmed the within-group consistency and between-
group dissociation of sensitive dimensions in the
chromatic coordinate, as well as that the confusing
color for four deuteranope participants were consis-
tent with what was reported previously [10] (Fig.
4). We should emphasize here that neither the Ishi-
hara test nor the color matching task was not for a
precise discrimination between color-deficiency types
or dichromacy and anomalous trichromacy, but were
for roughly confirming dissociation between the two
groups and for showing a general within-group con-
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sistency of the trend in terms of the ability to dis-
criminate colors in the chromatic diagram.

Stimuli Colored illustrations were compared with
the corresponding modified versions generated by
dichromat simulation (DS) (Fig. 5a and 5b). The
original images were acquired from a database of pic-
tures used in television programs. The corresponding
DS image was an approximation of deuteranope vi-
sion created using a method proposed by Brettel et
al. [9]. The target of judgment was restricted to a
specified region of the image (size of 6.75◦ × 6.75◦)
presented within the whole image (“with context”,
Fig. 5a) or in a cropped form (“without context”,
Fig. 5b). The purpose of removing the spatial con-
text was to eliminate the possible effect of semantic
stimulus interpretation on the judgment. Six differ-
ent regions within each image pair were judged four
times by each participant. The computation of the
hypothetical saliency loss predicted that the origi-
nal images would be perceived as less salient when
viewed by CD observers than when viewed by con-
trol observers, while there should be no significant
observer-dependent loss for DS images (Fig. 6).

Procedures Experiments were conducted in a dark
room. Stimuli were presented on gamma-corrected
LCD monitors (EIZO, colorEdge CG276 or CG246).
The with-context stimulus subtended 30◦ × 16.8◦

of visual angle and the without-context image sub-
tended 6.75◦×6.75◦ when participants sat 90 cm from
the monitor. Maximum luminance was 120 cd/m2

and minimum light levels were below 0.01 cd/m2. All
presentation and data analyses were performed using
the MATLAB (Mathworks, Natick, MA) program-
ming environment and the Psychtoolbox extension
([46, 47]).

In all experiments and conditions, each trial started
with the presentation of a central fixation disk for 200
ms before stimulus onset. The participants judged
whether the original or the DS-modified image ap-
peared clearer in a two-alternative forced-choice task.
We asked our participants to judge the “clarity”
of images, by describing ”how easily the visual in-
formation is extracted from images”, instead of di-
rectly judging visual salience because näıve partici-
pants might find it hard to understand the notion
of “saliency”. In the with-context condition, full im-
ages (original and DS-modified) were presented in se-
quence at the same central position of the screen for
1 s at 300 ms intervals. The temporal order of the
two images was randomized over the trials. In each
trial, the target image region was indicated by a box
presented before stimulus presentation and by lines

during stimulus presentation (Fig. 5a). In the with-
context condition, the cropped images were simulta-
neously presented to the left and right of the fixation
point (Fig. 5b) with the inner edges 3° from the fix-
ation point. The spatial positions of the two images
(original or DS) were randomized over the trials. In
the with- and without-context conditions, each stim-
ulus was presented for 1 s and followed by a brief
random noise mask lasting 200 ms to eliminate the
sensory afterimages.

Data analysis The mean responses are expressed
as the probability of selecting the original im-
age as more salient than the DS image. In the
correlation analysis, we computed the correlation
between the stimulus-wise judgment and the local
average of saliency loss within the DS stimulus:
lnP (r|OControl; IOriginal)– lnP (r|OControl; IDS). In
the differential analysis, we computed the stimulus-
wise difference in judgment by the control and CD
participants. The stimulus-wise judgments were
also correlated to the average saliency loss between
the control and CD observers, L(r; IOriginal) =
lnP (r|OControl; IOriginal)– lnP (r|OCD; IOriginal).
Note that the loss and the gain can cancel out each
other when they are averaged across a wide visual
field. To avoid this effect, our experiments were
designed to measure local properties by instructing
the participants to judge relatively small regions
within stimuli, rather than global impressions of
the whole images, by limiting the image regions
to be judged by the participants (Figs. 5a and
5a). Finally, we also tested the correlation between
the same experimental data and predictions by
other alternative methods based on color contrast,
where the model predictions were provided with
local spatial averages of pixel-based square distances
between original and of DS images represented in
LMS, DKL, or RGB spaces.

2.2.2 Experiment 2: Saliency-based recolor-
ing

This experiment was for testing whether the saliency-
guided manipulation of images can compensate for
perceptual differences between control and CD par-
ticipants. The subjects, images of sources, and exper-
imental procedure were the same as in Experiment 1
except for that we used images that were modified by
saliency-based recoloring (SBR; Fig. 7a and 7b) in-
stead of DS images. These SBR images were obtained
through a recoloring procedure as follows: first, the
RGB image was converted to the DKL representa-
tion. Second, L–M signals superimposed upon the
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(L+M) and S–(L+M) signals, InewL+M = (1−w)IoldL+M+

wIoldL−M , InewS−(L+M) = (1 − w)IoldS−(L+M) + wIoldL−M ,

where Inew· and Iold· respectively represent the re-
colored and original image signals (in the DKL color
space) that correspond to the channels shown in the
subscripts, and w is the linear mixing weight. To
obtain SBR image, the weight w was determined
to minimize the information loss described in Eq.
4, i.e., ISBR ≡ arg minI D(r; I), where D(r; I) =∑
r P (r|Oi; I) {lnP (r|Oi; I)– lnP (r|Oj ; I)}. In this

study, the minimization was achieved through hand-
tuning of w with monitoring of the loss value in re-
altime although the automation of this procedure is
straightforward. In addition, the post-hoc analysis
confirmed effective reduction in the saliency loss at
each local image region (Fig. 6). Finally, we re-
verse mapped ISBR from the DKL space to RGB
space. The solution of this minimization problem is
not unique; in this study, as a rough optimization, we
first superimposed L-M signals upon the luminance
and blue–yellow signals at various random strengths
and selected the optimal image by referring to the
information loss calculated for each version of im-
age. After this procedure, it was confirmed that the
SBR images had smaller information loss (L) values
that were distributed around zero, while the values
for the original images were significantly larger than
zero (t23 = 2.50, P < 0.05; Fig. 6). We used four of
the six images of the sources from Experiment 1. In
addition, similar to Experiment 1, we tested six spa-
tial regions for each of the four source images (i.e.,
6 × 4 = 24 local patches in total). In the integrated
analysis of Experiments 1 and 2 (corresponding to
Figs. 12a and 12b, right columns), we analyzed the
24 images common to both experiments by two-way
ANOVA with stimulus type (DS vs. SBR = DS or
SBR vs. SBR = DS) and context (with- and without-
context) as main factors.

2.2.3 Relationship between the two experi-
ments

The relationship between Experiments 1 and 2 is
schematically expressed in the perceptual space of
Fig. 8. Theoretically, SBR images should yield simi-
lar saliency maps for the control and “red–green” CD
observers (as indicated by the blue squares in Fig. 8)
because they do not contain information solely en-
coded by the L–M dimension. If this is the case, the
saliency-relevant distance between the SBR and the
original image should be longer for the CD observer
than that for the control observer (the open and filled
blue bars). In addition, the interobserver differences
measured in Experiments 1 and 2 are expected to

approximately nullify each other. Thus, the interob-
server differences in perception should vanish when
the individual perceptual distances measured in the
two experiments are summed (Fig. 8, blue bar +
orange bar).

These facts are schematically expressed in terms
of the saliency-relevant perceptual dimension (sub-
spaces) and the other dimensions (Fig. 8). The orig-
inal images have different values depending on the
color vision (normal or deuteranopic) of the observer
in the saliency dimension (as indicated by the open
and solid black circles). However, the DS images have
almost the same saliency for both observer groups
(orange triangles). The latter result is because of the
lack of the L-M component. Thus, both CD and con-
trol observers should have access to the same visual
information, and we can reasonably assume that DS
images provide baseline saliency that is common to
both sets of observers. Moreover, these DS images
enable us to quantify the perceptual differences re-
ported by CD and control observers (Fig. 8, filled
and open orange bars). DS images are metamers for
pure dichromat observers [8, 9]; therefore, the orig-
inal and DS images are also expected to overlap in
the saliency domain. For CD observers with anoma-
lous trichromacy (as in the present experiment), the
distance between the original and DS images should
have a non-zero saliency-defined value, although it
is expected to be smaller than that for control ob-
servers.

3 Results

3.1 Saliency losses and gains in com-
plex visual scenes

Figures 9 presents the saliency divergence for a va-
riety of visual stimuli. For example, Fig. 9b shows
the results for a representative plates from the Ishi-
hara test chart [44], which is used for discriminat-
ing congenital “red–green” color deficiency from nor-
mal vision. The chart is characterized not only by
the use of indistinguishable colors but also by the
spatial configuration of the dot pattern. The model
yields the plausible result that protanopes (lacking
L cones) and deuteranopes (lacking M cones) lose
saliency in the region corresponding to the green fig-
ure “7,” while tritanopes (lacking S cones) do not. In
contrast, for more naturalistic stimuli (Figs. 9a, c,
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Figure 9: Examples of saliency losses and gains in Deutera-

nope observer for naturalistic and artificial visual stimuli. (a)

Fruits and vegetables, (b) an Ishihara chart (adapted from

“Ishihara Test for Color Deficiency” reprinted with permission

from the Public Interest Incorporated Foundation, Isshinkai,

Tokyo, Japan), (c) wild camouflage by a chameleon in Mada-

gascar, and (d) a seismic hazard map of the northern Hayward

Fault Zone. For each dichromat type, the figure shows DS

image and the highlighted image indicating the saliency de-

crease (with positive “loss” values, L > 0) or increase (with

negative “loss” values, L < 0, or “gain”) compared to the nor-

mal trichromatic vision. The exactly neutral situation (L=0) is

mathematically possible, but rarely happens in general images;

nonzero L values fill the most part of each image, as we see in

these figures. Note that the color of the figure is not necessarily

identical to the original because of the reproduction process,

and the results of the simulation (e.g., the yellowish parts in

the figure) is not intended to show the actually “perceived”

colors in dichromats.

and d), the model predicts that some areas in the
scene are significantly more salient for dichromats
than for trichromats because of the normalization
process in the saliency computation. The increased
saliency provides a computational explanation for the
reported advantage of dichromat animals in captur-
ing camouflaged prey in the wild [48, 49, 18, 50] (e.g.,
9c). The simple color-contrast model without nor-
malization cannot account for such phenomena (see
Discussion).

3.1.1 Difference and correlation in saliency
loss across color-vision types

In Fig. 9, the model not only differentiates the
saliency map for tritanopes from the other two
dichromatic visions, but also yields slightly differ-

Figure 10: Examples of saliency losses and gains in

Protanope and Tritanope observers. Panels a–d correspond

to those in Fig. 9.

ent predictions between protanopes and deuteranopes
for some stimuli (e.g., Figs. 9a and 10a). This is
because the difference in cone combination (i.e., L
and S, or M and S) can lead to different luminance
signals, in addition to the primary effect of lacking
an L-M signal. This fact indicates that the current
approach is potentially able to differentiate percep-
tions resulting from different types of color deficiency.
However, it should be noted such precise predictions
are possible only after we have detailed physiologi-
cal data concerning how cones are directly and indi-
rectly connected to the subsequent visual neurons in
each color-vision type, which is not established at this
stage. We will not discuss how well the saliency-based
approach can predict the precise difference between
protanopia and deuteranopia, or between deutera-
nopia and anomalous trichromacy, because we need
much more detailed physiological information to con-
struct realistic models for such aims.

Instead, in this study, we propose that the current
model can nevertheless provide a practical approxi-
mation of saliency loss for a broad class of so-called
“red-green” color vision deficiency, in a rough but still
practically sense for the following reasons. As demon-
strated in Figs.9 and 10, overall, the protanopic
and deuteranopic visions yielded very close results in
terms of saliency loss. This is because (1) the major
cause for the saliency reduction is the lack in the L-M
opponent signal, and (2) the signals conveyed by L-
cones and M-cones are highly correlated for the most
stimuli encountered in daily life [51]. This means
that, for example, the deuteranopic model can also

9
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Figure 11: Correlated saliency loss between protanope and

deuteranope. The local saliency loss computed with differ-

ent cone combinations are plotted as 2D histograms. (L(P):

protanope; L(D): deuteranope; L(T): tritanope). Left col-

umn: protanope vs deuteranope; Middle column: protanope

vs tritanop; Right column: deuteranope vs tritanope. (a–b)

Corresponding results for the images shown in Figs. 9a and

b. (c) Results for all stimuli used in the psychophysical exper-

iments.

provide reasonable first-order approximations also for
protanopia, in terms of saliency for the majority of
stimuli. Indeed, the model tends to make strongly
correlated predictions for those two color-vision types
(Fig. 11, left column), whereas it is not the case
for comparisons between protanope and tritanope, or
between deuteranope and tritanope (Fig. 11, mid-
dle and right columns). The same discussion ap-
plies to L- or M-cone related anomalous trichroma-
cies, and it is conjectured that also those types of
anomalous trichromacies can also be characterized
by saliency losses with similar spatial patterns to
deuteranopia, but with reduced magnitudes of losses
and gains. Again, we note that detailed information
acquired through future physiological investigations
will be needed in order to determine more precise
differences among these color-vision types.

Figure 12: Results of the psychophysical experiments (1 and

2). (a) The probability (as expressed by Z-score) of select-

ing the original image as more salient for both the with- and

without-context conditions. (b) The differences in Z-scores be-

tween the control and CD participants as presented in (a). The

error bars in (a) and (b) indicate stimulus-to-stimulus standard

errors.

3.2 Saliency-based prediction and ma-
nipulation of interobserver per-
ceptual difference

3.2.1 Saliency loss predicts the variability in
perception

In Experiment 1, the comparison of the average
saliency judgments of the control and CD observers
(Fig. 12a) was consistent with predictions of the
model. The control participants demonstrated a
strong tendency to judge the DS images as less salient
than the original images, although this bias was more
moderate in CD observers (with context: t35 = 10.9,
P < 0.001; without context: t35 = 7.38, P < 0.001;
two-tailed t-test with paired samples). These results
support the plausibility of the deuteranope simula-

10
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Figure 13: Correlation between psychophysical judgments

and model predictions for 36 visual stimuli used in Experi-

ment 1. (a) Correlation between the judgment Z-scores and

the saliency-based information loss for individual stimuli. (b)

Correlation between the difference in the judgment Z-scores

(control = CD) and interobserver information loss based on

the proposed salience method (Fig. 4). The lines in (a) and

(b) indicate the results of linear regression.

tion and the saliency loss model for revealing indi-
vidual differences in color perception.

It can be argued that the interobserver difference in
the saliency judgment reflects some trivial response
bias because of the unfamiliarity of DS images to the
control participants compared with the CD partici-
pants. However, the theoretically predicted saliency
loss positively correlated with the probability of con-
trol participants judging the original image as more
salient, while no significant correlation was observed
for the CD participants (Fig. 13a). This result sup-
ports the idea that the saliency judgment is deter-
mined by the perceived saliency because the correla-
tion should not differ between groups if it is affected
only by a constant response bias. In addition, we can-
not rule out an additional contribution of a response
bias (or some other confound) because there was also
an intergroup difference for stimuli with saliency loss
near zero. Moreover, we observed that the difference

Figure 14: Parameter (a–c) and model (d) dependency of

predictive accuracy for human judgments. The filled markers

indicate the statistical significance (P<0.05, Pearson correla-

tion test). Note that the vertical axes are differently scaled for

individual panels.

in judgment (control = CD) correlated with the hy-
pothetical saliency loss (Fig. 13b). This correlation
between the model prediction and the difference in
the responses of the control and CD observers is con-
sistent with the idea that the image saliency strongly
correlates with the perceptual judgment. Although
there were small negative correlations, they were not
statistically significant and could be interpreted as
the effect of noise in the judgment.

Model prediction performances were sensitive to
change in the number of spatial-pooling scales and
the normalization parameter (Fig. 14a, c), suggest-
ing the importance of these parameters in describ-
ing the perceptual experiences by human observers.
Other major model parameters, including the mixing
weights of the orientation maps (Fig. 14b), had little
effect on the model performance. Finally, we did not
observe any significant correlation between the same
psychophysical-judgments data and other alternative
methods based on color contrast in LMS, DKL, or
RGB spaces (Fig. 14d).

3.2.2 Saliency-guided image manipulation
mitigates perceptual differences

Figure 12a (middle) shows the results of Experiment
2. As predicted, the SBR images were judged as more
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salient by CD participants than by control partici-
pants (with context: t23 = 5.08, P < 0.001; with-
out context: t23 = 3.83, P < 0.001; two-tailed t-test
with paired samples). Notably, we also confirmed
the hypothesized cancellation of perceptual saliency
difference thorough SBR (see Seciton 2.2.3) as fol-
lows: the statistical significance of the interobserver
difference vanished when the results of Experiments
1 and 2 were combined (Figure 12a, right; with con-
text: t23 = −1.32, P = 0.200; without context:
t23 = −1.38, P = 0.180; two-tailed t-test with paired
samples). Thus, while we found significant interob-
server perceptual differences in both Experiments 1
and 2, the combined interobserver differences were
significantly smaller than those for either experiment
alone (Experiment 1 [F1,120 = 71.61, P < 0.001] or
in Experiment 2 [F1,96 = 28.27, P < 0.001]; one-way
ANOVA). This is a reasonable result if it is assumed
that the Z-scores obtained in these experiments re-
flect the linearized distances of visual stimuli in the
perceptual space (see also Fig. 8). These results
further support the view that participants judged
saliency based on the saliency-relevant perceptual di-
mension and that matching the observer-dependent
saliency maps can compensate for individual differ-
ences in perception.

4 Discussion

We proposed a new approach for quantifying and
presenting interobserver differences in perceptual ex-
perience because of individual variations in spectral
sensitivity . The two psychophysical experiments
showed the plausibility of the proposed approach.
These experiments revealed a strong statistical re-
lationship between saliency loss or gain and the sub-
jective judgment of saliency. Furthermore, we found
that saliency-guided image manipulations were suf-
ficient to compensate for interobserver differences in
saliency. Thus, matching visual saliency is a promis-
ing strategy for ensuring that visual information is
accessible to individuals with deficient color vision.

4.1 Multiscale representation and
normalization

The unique aspect of the present approach is the
quantification of interobserver differences in the
salience domain. The saliency-based approach is dis-
tinguished from naive color-error analysis between
original and DS images in two ways. First, the cur-
rent approach integrates visual information with mul-
tiple spatial resolutions and features that reflect the

early cortical representation of visual stimuli. The
dependence of model predictability on the number of
spatial scales to be integrated (Fig. 14a) suggests
the importance of multiresolutional expression. Sec-
ond, the proposed saliency computation includes a
normalization process that predicts an increase in vi-
sual saliency for dichromatic observers under certain
conditions. In Experiment 1, we observed that DS
images with increased saliency for dichromatic ob-
servers were counterintuitively judged as more salient
by these subjects in the without-context condition
(Fig. 13b, right). Subtracting the L-M chromatic
signals indicated that the perceptual saliency was in-
creased for these observers; this result is accounted
for by a mechanism that is intuitively similar to an
image enhancement such as histogram equalization.
In addition, the experiments varying the model pa-
rameters indicated that the normalization in Eq. 3
played an important role in terms of the model per-
formance, at least in the without-context condition
(Fig. 14c). With-context condition showed a more
complex parameter dependency, which may reflect
the contaminating effect of local features and higher-
order cognitive processes.

We used “with-context” and “without-context”
conditions to test how much the global visual context
affects the judgments. There were similarities and
difference between these two conditions. The qualita-
tive trend was shared among the two conditions (Figs.
12 and 13), suggesting that the basic relationship be-
tween the saliency model and the human perception
is robust to the changes in the spatial context. In ad-
dition, varying some of the parameters had different
effects on the model predictability between the two
conditions (Fig. 14). These differences can be rea-
sonably interpreted from the viewpoint of the visual
processing and stimulus characteristics. For example,
the scale of spatial pooling is influences in the “with-
context” condition but not in the “without-context”;
this is not surprising because the stimulus was lo-
calized within a small visual field in the “without-
context” condition, and variation in spatial pooling
scale does not have a large effect on the model output
in that condition. On the other hand, the normaliza-
tion had more of an effect in the “without-context”
condition than in the “with-context” condition; this
might reflect the fact that the with-context stimulus
had visual signals varying across spatial scales and it
makes the sum across the spatial scale (the denomi-
nator in Eq. (3)) less affected by the stimulus.

It should be noted that we focused on local vi-
sual salience rather than holistic impressions on im-
ages. As mentioned before, although the loss and
gain can compensate each other when they are aver-
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aged across a wide visual field, our experiments were
designed to quantify the local properties by instruct-
ing the participants to judge relatively small regions
within stimuli, rather than global impressions of the
whole images. In the data analysis, we related those
psychophysical judgments with the local average of
salience loss. Therefore, we believe that our experi-
mental results appropriately supports our the model
predictions.

4.2 Relevance to other methods

Some studies have discussed approaches for evaluat-
ing perceptual divergence among observers with dif-
ferent spectral sensitivities, e.g., by computing the
judgment error due to the loss of contrast between
original and dichromat-simulated images in specific
color spaces [6, 5]. Although such methods are useful
for a rough evaluation of color contrast in the image,
they fail to capture many aspects of color vision in re-
alistic situations. For example, suppose that the L-M
signal was spatially correlated to the luminance sig-
nal: in this case, there is little loss in terms of visual
salience between normal trichromacy and L- or M-
cone related color dichromacy (or anomalous trichro-
macy), whereas the classical color contrast analysis
(without normalization) would predict a significant
reduction in information due to the color deficiency.

As another example, the simple chromatic-
difference analysis cannot account for the complexity
of the aforementioned counterintuitive cases where
dichromats can be superior to normal trichromatic
observers: a line of studies suggests that dichromats
are better at finding camouflaged objects against a
multicolored background [13, 14, 15, 16, 17], a per-
ceptual ability that is critical for foraging, hunting,
and avoiding predators in the wild [49, 18, 50]. The
present saliency-based model with normalization pro-
cess naturally accounts for such a possibility in which
dichromacy becomes advantageous. At the single
feature level, a previous study suggested that the
normalization process can facilitate signal detection
when combined with suppression of another specific
signal [52]. On the other hand, the facilitation of
saliency can be a realization of the “masking effect,”
which was conceptually hypothesized by Judd [14], by
generalizing the relatively new concept of the neural
activity normalization [42, 53] at a level of multiple
feature maps.

It should be noted that we modeled the visual
saliency specialized for the dichromatic observer (Fig.
2b) and derived it directly from the original image
(Fig. 3a). This is not equivalent to naive applica-
tion of the conventional trichromatic saliency model

to DS or decolorized images [54] because the latter
can be contaminated by the L–M cone contrast sig-
nals in the simulated image. For example, when the
model=data correlation (Fig. 12d) was recomputed
based on this näıve model, the correlation deterio-
rated (with-context condition: r = 0.25, P = 0.12;
without-context condition: r = 0.31, P = 0.058;
Pearson correlation test).

4.3 Limitations

A major limitation of the current saliency-based ap-
proach is that it does not account for the effects
of semantic context on visual perception. Extrac-
tion of visual information is guided not only by low-
level saliency (bottom-up attentional processes) but
also by knowledge of the world, particularly when
viewing familiar natural scenes. The contribution
of semantic knowledge is consistent with the effect
of context; there was a moderate decrease in model
predictability for the with-context condition com-
pared with the without-context condition (Figs. 13a
and 13b), suggesting that additional information un-
related to salience per se can influence perceptual
judgment. Nevertheless, we emphasize the impor-
tance of saliency as a critical determinant of bottom-
up attention, the first bottleneck through which hu-
mans recognize the visual world. This “attentional
metamerism” is a promising framework for discussing
the universality of visual information, particularly
when no common chromatic metamer exists because
of interobserver differences in color sensitivity. These
points could be elucidated by future research that di-
rectly examine the effects of color vision difference on
the attention (and eye movement).

In the experiments, we characterized participants’
ability at (red-green) color discrimination by using
the Ishihara test and a color matching task. The
current characterization is not sufficient for model-
ing precise differences among protanopia, deutera-
nopia, and anomalous trichromacies. In the future,
experiments with a larger number of participants
and more accurate diagnoses, e.g., based on the re-
sults of anomaloscope test or to analyze opsin genes,
should be coducted to examine model predictability
for the different types of color vision. Nevertheless,
the present results suggest that our model works at
least as a first-order approximation for observers who
are less sensitive along the L-M (“red-green”) dimen-
sion, indicating a practical way of improving image
for them.
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4.4 Practical implications

The proposed saliency-based method can be utilized
for visual design to avoid unintended asymmetry in
the information received by observers. Intriguingly,
SBR images tended to be favored by both control
and CD participants (Fig. 12a), indicating that the
saliency-based approach can effectively enhance vi-
sual clarity for both control and color-deficient ob-
servers. The methodological framework for quanti-
fying loss of visual information according to quanti-
tative criteria is expected to enhance the effective-
ness of a wide variety of visual stimuli. For example,
in the process of creating information graphics (e.g.,
Fig. 9d), saliency analysis could be applied to de-
termine whether some observers lose information at
any given time point. In addition, the saliency-based
approach has the potential to provide a common plat-
form for accessibility assessments that can account for
not only differences in color vision but also deficits in
other aspects of vision, such as low acuity because of
cataracts or macular degeneration and dysfunction of
other sensory modalities, such as age-related degra-
dation of auditory sensitivity.
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[9] H. Brettel, F. Viénot, and J. D. Mollon, “Computerized sim-
ulation of color appearance for dichromats.,” Journal of the
Optical Society of America. A, Optics, vol. 14, pp. 2647–55,
Oct. 1997.

[10] F. H. G. Pitt, “Characteristics of dichromatic vision,” in Med-
ical Research Council Special Report Series, vol. 200, p. 200,
London: His Majesty’s Stationery Office, 1935.

[11] L. C. Thomson and W. D. Wright, “The convergence of the
tritanopic confusion loci and the derivation of the fundamen-
tal response functions,” Journal of the Optical Society of
America, vol. 43, pp. 890–4, Oct. 1953.

[12] D. Farnsworth, “Tritanomalous vision as a threshold func-
tion,” Die Farbe, vol. 4, pp. 185–197, 1955.

[13] A. Anon, “Colour-blindness and camouflage,” Nature,
vol. 146, p. 226, 1940.

[14] D. B. Judd, “Color blindness and the detection of camou-
flage,” Science, vol. 97, no. 2529, pp. 544–546, 1943.

[15] M. J. Morgan, A. Adam, and J. D. Mollon, “Dichromats
detect colour-camouflaged objects that are not detected by
trichromats,” Proceedings of the Royal Society of London
B, vol. 248, pp. 291–295, 1992.

[16] A. Saito, A. Mikami, S. Kawamura, Y. Ueno, C. Hira-
matsu, K. Widayati, B. Suryobroto, M. Teramoto, Y. Mori,
K. Nagano, K. Fujita, H. Kuroshima, and T. Hasegawa, “Ad-
vantage of dichromats over trichromats in discrimination of
color-camouflaged stimuli in nonhuman primates,” American
Journal of Primatology, vol. 67, no. 4, pp. 425–436, 2005.

[17] A. Saito, A. Mikami, T. Hosokawa, and T. Hasegawa, “Ad-
vantage of dichromatis over trichromats in discrimination of
color-camouflaged stimuli in humans,” Perceptual and Motor
Skills, vol. 102, pp. 3–12, 2006.

[18] A. D. Melin, L. M. Fedigan, H. C. Young, and S. Kawamura,
“Can color vision variation explain sex differences in inver-
tebrate foraging by capuchin monkeys?,” Current Zoology,
vol. 56, no. 3, pp. 300–312, 2010.

[19] A. D. Melin, C. Hiramatsu, L. Fedigan, M. M. Schaffner,
F. Aureli, and S. Kawamura, “Polymorphism and Adaptation
of Primate Colour Vision,” in Evolutionary Biology: Mech-
anisms and Trends (P. Pontarotti, ed.), ch. 13, pp. 225–241,
Heidelberg, New York, Dordrecht, London: Springer, 2012.

[20] A. Treisman and G. Gelade, “A feature-integration theory of
attention,” Cognitive psychology, vol. 136, pp. 97–136, 1980.

[21] C. Koch and S. Ullman, “Shifts in selective visual attention:
towards the underlying neural circuitry,” Human Neurobiol-
ogy, vol. 4, pp. 219–227, 1985.

[22] L. Itti and C. Koch, “A model of saliency-based visual atten-
tion for rapid scene analysis,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 20, no. 11, pp. 1254–
1259, 1998.

[23] L. Itti and C. Koch, “Computational modelling of visual at-
tention.,” Nature Reviews Neuroscience, vol. 2, pp. 194–203,
Mar. 2001.

[24] L. Zhang, M. H. Tong, T. K. Marks, and G. W. Cot-
trell, “SUN: A Bayesian framework for saliency using natural
statistics,” Journal of Vision, vol. 8, no. 7, pp. 32:1–20, 2008.

14



1057-7149 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TIP.2015.2393056, IEEE Transactions on Image Processing

[25] N. Bruce and J. Tsotsos, “Saliency, attention, and visual
search: An information theoretic approach,” Journal of Vi-
sion, vol. 9, pp. 1–24, 2009.

[26] A. Oliva and P. G. Schyns, “Diagnostic colors mediate scene
recognition.,” Cognitive psychology, vol. 41, pp. 176–210,
Sept. 2000.

[27] G. Naor-Raz, M. J. Tarr, and D. Kersten, “Is color an intrin-
sic property of object representation?,” Perception, vol. 32,
no. 6, pp. 667–680, 2003.

[28] D. Lowe, “Object recognition from local scale-invariant fea-
tures,” Proceedings of the Seventh IEEE International Con-
ference on Computer Vision, pp. 1150–1157 vol.2, 1999.

[29] T. Gevers and A. W. M. Smeulders, “Color-based object
recognition,” Pattern Recognition, vol. 32, no. 3, pp. 453–
464, 1999.

[30] A. Derrington, J. Krauskopf, and P. Lennie, “Chromatic
mechanisms in lateral geniculate nucleus of macaque.,” The
Journal of Physiology, vol. 357, no. 1, pp. 241–265, 1984.

[31] M. Yoshida, L. Itti, D. J. Berg, T. Ikeda, R. Kato, K. Takaura,
B. J. White, D. P. Munoz, and T. Isa, “Residual attention
guidance in blindsight monkeys watching complex natural
scenes.,” Current Biology, vol. 22, pp. 1429–34, Aug. 2012.

[32] J. Neitz, M. Neitz, J. C. He, and S. K. Shevell, “Trichromatic
color vision with only two spectrally distinct photopigments,”
Nature Neuroscience, vol. 2, pp. 884–8, Oct. 1999.

[33] T. Wachtler, U. Dohrmann, and R. Hertel, “Modeling color
percepts of dichromats,” Vision Research, vol. 44, pp. 2843–
55, Nov. 2004.

[34] P. DeMarco, J. Pokorny, and V. C. Smith, “Full-spectrum
cone sensitivity functions for X-chromosome-linked anoma-
lous trichromats.,” Journal of the Optical Society of Amer-
ica. A, vol. 9, pp. 1465–76, Sept. 1992.

[35] N. Moroney, M. D. Fairchild, R. W. G. Hunt, C. Li, M. R.
Luo, and T. Newman, “The CIECAM02 Color Appearance
Model,” in Color Imaging Conference, pp. 23–27, 2002.

[36] W. J. Ma, V. Navalpakkam, J. M. Beck, R. V. D. Berg, and
A. Pouget, “Behavior and neural basis of near-optimal vi-
sual search.,” Nature Neuroscience, vol. 14, pp. 783–90, June
2011.
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