
A PERCEPTUAL DISTORTION METRIC FOR DIGITAL COLOR IMAGES

Stefan Winkler

Signal Processing Laboratory
Swiss Federal Institute of Technology

1015 Lausanne, Switzerland
http://ltswww.epfl.ch/˜winkler/

Stefan.Winkler@epfl.ch

ABSTRACT

This paper presents a comprehensive distortion met-
ric for digital color images. It is based on a normaliza-
tion model of the human visual system that incorporates
color perception. The model is shown to accurately fit psy-
chophysical contrast sensitivity data as well as intra- and
inter-channel contrast masking data from several different
psychophysical experiments. The output of the metric is
compared with subjective data for natural images.

1. INTRODUCTION

Compression of digital images has been studied for many
years. However, algorithms have been (and still are) de-
signed and optimized based on simple error measures like
peak signal-to-noise ratio (PSNR) despite the fact that such
measures correlate poorly with perceived quality. The prob-
lem is that PSNR does not take into account viewing con-
ditions and the behavior of the human visual system. Sub-
jective tests on the other hand, undoubtedly the “ultimate
truth” about image quality, are complex and time-consuming
and hence do not lend themselves to applications where au-
tomation is desired.

These problems necessitate methods of objective qual-
ity assessment. Ideally, such a system would perceive and
measure impairments just like a human being. Consider-
ing the variety of compression algorithms available and the
rapid change of technology in this field, a distortion metric
that is independent of the particular algorithm is preferable.
Therefore metrics based on models of the human visual sys-
tem like the one introduced here are the most general and
potentially the most accurate ones.

The vision model presented here is based on experimen-
tal findings about the following aspects of visual informa-
tion processing in the brain:

• color perception and the theory of opponent colors,
which defines a color space whose principal compo-
nents (black-white, red-green and blue-yellow) corre-
spond to the pathways in the brain [8,9];

• the response properties of neurons in the primary vi-
sual cortex [1,3];

• the sensitivity to spatial patterns, i.e. contrast sensi-
tivity and contrast masking experiments [2,6,12].

The latter two are the basis for a gain control or normal-
ization model of early vision, which is described below.

Pattern sensitivity is of paramount importance for per-
ceptual distortion measurements. In a typical experiment,
the contrast threshold for the detection of a particular stim-
ulus (usually a sinusoid or a Gabor patch) is measured. To
investigate visual masking, such a stimulus (also referred to
as target) is superimposed on a background stimulus (the
masker). With some exceptions, the target is harder to see
as the contrast of the masker increases. In the context of
image processing and compression, the coding noise takes
the place of the target, and the original image becomes the
masker. Hence, a model that is able to predict pattern
sensitivity is of obvious value for these applications.

Based on analyses of the response properties of neurons
in the primary visual cortex [1, 3], models of early vision
have been proposed that explain both contrast sensitivity
and contrast masking, even when masker and target have
different orientations [2, 5, 13, 17], which is a case of inter-
channel masking. The vision model presented here com-
bines these aspects with a theory of color perception.

2. VISION MODEL

The basic structure of the model is shown in Figure 1. After
conversion to opponent-colors space, each of the resulting
three components is subjected to a perceptual decomposi-
tion, yielding a number of perceptual channels, which sub-
sequently undergo normalization. Both the reference image
and the processed image are used as input to the model
and go through the same processing steps. The final detec-
tion stage performs pooling over sensor outputs to compute
a distortion measure. Each of these steps is explained in
more detail below.

2.1. Conversion to Opponent-Colors Space

Digital images are usually coded in RGB color space, which
cannot be used directly within a vision model, because it is
neither perceptually linear nor device-independent. There-
fore, a conversion to a perceptually more meaningful color
space is necessary. Device independence can be achieved
by determining the absorption rates of the three types of
cones on the retina. These cone absorption rates can be cal-
culated from the frame-buffer values via a linear transform
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Figure 1: Block diagram of the metric. After conversion to opponent-colors space, each of the resulting three components is
subjected to a perceptual decomposition, yielding several perceptual channels, which subsequently undergo normalization.
The final detection stage performs pooling over sensor outputs to compute a distortion measure.

taking into consideration the spectral power distribution of
light emitted from the display phosphors and the spectral
sensitivities of the cones [15].

Via another linear transform, these cone absorption rates
are then converted to opponent-colors space, whose princi-
pal components black-white (B-W), red-green (R-G) and
blue-yellow (B-Y) are perceptually orthogonal. In accor-
dance with recent psychophysical experiments, which sug-
gest that the human visual representation of simple col-
ored patterns is also pattern-color separable, the specific
opponent-colors space employed here is based on the model
by Poirson and Wandell [8, 9]. The spectral sensitivity of
each component of this color space is shown in Figure 2.
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Figure 2: Spectral sensitivities of the three components
black-white (solid), red-green (dashed) and blue-yellow
(dot-dashed) of the pattern-color separable opponent-colors
space derived by Poirson and Wandell [8,9].

2.2. Perceptual Decomposition

The steerable pyramid transform [10,11] is used for the per-
ceptual decomposition. This transform decomposes the im-
age into a number of spatial frequency levels, each of which
is further divided into a set of orientation bands. The basis

functions are directional derivative operators.1 The orienta-
tion decomposition is steerable, i.e. the response of a filter
tuned to an arbitrary orientation can be obtained through
a linear combination of the responses of the basis filters at
that location. This property is important as it implies that
the decomposition is rotation-invariant and self-inverting
and minimizes the amount of aliasing in the subbands [10].

In the present implementation, the basis functions have
octave bandwidth and octave spacing; four orientation bands
are used (see Figure 3). For the B-W channel, four levels
(with four orientations each) plus one (isotropic) lowpass
are used. For the R-G and B-Y channels, two additional
levels are needed in order to be able to capture the empiri-
cal fact that the sensitivity of the chromatic channels does
not decrease significantly for lower spatial frequencies, as
opposed to the luminance channel [6].
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Figure 3: Idealized illustration of the partition of the spatial
frequency plane by the steerable pyramid. Three levels plus
one (isotropic) lowpass filter are shown. The bands at each
level are tuned to orientations of 0, 45, 90 and 135 degrees.
The shaded region indicates the spectral support of a single
subband.

1 Source code and filter kernels for the implementa-
tion of the steerable pyramid transform are available at
http://www.cis.upenn.edu/˜eero/steerpyr.html.



2.3. Normalization

The perceptual decomposition yields a large number of coef-
ficients for the image. First a power-law nonlinearity is ap-
plied to these coefficients, then they are normalized in order
to account for the limited dynamic range of visual sensors
as well as intra- and inter-channel masking effects [13].

Let a = a(c, f, θ, x, y) be a coefficient of the percep-
tual decomposition for color channel c at location x, y in
frequency band f and orientation band θ. Then the cor-
responding normalized sensor output s = s(c, f, θ, x, y) is
computed as

s = k
ap

σ2 + aq ∗ h
. (1)

The excitatory path in the numerator consists of a simple
power-law nonlinearity with exponent p. The inhibitory
path in the denominator controls the gain of the excitatory
path. It also includes a nonlinearity with a possibly dif-
ferent exponent q. Additionally, filter responses are pooled
over different channels in the inhibitory path by virtue of a
convolution with the pooling function h. In its most gen-
eral form, this pooling operation may combine coefficients
from the dimensions of color, frequency, orientation, space
(x and y) and phase. For this paper, complete summa-
tion over phase is assumed, and spatial pooling is omitted
as there is evidence that it is in fact very localized [17].
For further simplification, pooling over frequency and color
channels is disregarded. A Gaussian pooling kernel is used
for pooling over orientation channels. The saturation con-
stant σ is added to prevent division by zero; k is used to
adjust the overall gain of the mechanism.

In Teo and Heeger’s implementation [13], which is based
on a direct model of neural cell responses [3], the exponents
of both the excitatory and inhibitory nonlinearity are fixed
at p = q = 2 so as to be able to work with local energy mea-
sures. However, this procedure leads to a rapid saturation
of sensor outputs, which is why they have to use multiple
contrast bands (i.e. several different k’s and σ’s) for all co-
efficients in order to cover the full range of contrasts. This
leads to an undesirable increase in the number of model
parameters and complicates the fitting process.

Watson and Solomon [17] showed that the response of
such a combination of several rapidly saturating mecha-
nisms can be approximated satisfactorily by a single non-
saturating mechanism with an excitatory exponent p > q.
This approach is chosen here as well because it reduces the
number of parameters significantly and results in a more
efficient implementation.

2.4. Detection and Pooling

The final stage computes a Minkowski sum of the difference
between the sensor outputs from the reference image s0 =
s0(c, f, θ, x, y) and the sensor outputs from the processed
image s1 = s1(c, f, θ, x, y):

∆s =
β

√∑
|s0 − s1|

β. (2)

∆s is a measure of the amount of perceptual distortion in
the image. If desired, a transformation such as

Q =
5

1 +K∆s
(3)

can be used to obtain a measure of perceptual quality on
the common scale from 0 to 5 (low to high quality). K has
to be chosen on the basis of the vision model to ensure the
proper mapping [5].

3. RESULTS

3.1. Model Fitting

The model contains several parameters that have to be ad-
justed in order to accurately represent the human visual
system. k, the gain factor, p, the excitatory exponent, and
σ, the saturation constant, are used as parameters in the
fitting process. q, the inhibitory exponent, is fixed at q = 2
in this implementation, as it is mainly the difference p − q
which is relevant [17].

An exponent of β = 2, i.e. a simple squared-error norm
is used in the final detection stage of the metric. This choice
can be justified in terms of an ideal observer model. The
sensor outputs can be considered as the mean values of noisy
sensors. Assuming an additive, independent, identically dis-
tributed Gaussian noise with zero mean and a standard de-
viation independent of the sensor outputs, a squared-error
norm detection stage gives the probability that the ideal
observer would detect the distortion. If a standard devia-
tion of 1 is assumed for the noise, the ideal observer is able
to detect the distortion with a probability of 76% when
the squared-error norm is equal to one [13]. Assuming this
detection efficiency for the model, ∆s = 1 at threshold.

Contrast sensitivity is modeled by setting the gains of
the filters in the steerable pyramid in such a way that the
ensemble produces the empirical contrast sensitivity curve.
For the B-W channels, the gains are chosen so as to match
contrast sensitivity threshold data for sinusoidal gratings
from Kelly [4]. For the R-G and B-Y channels we rely on
similar data from Mullen [6], as demonstrated in Figure 4.
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Figure 4: Contrast sensitivity data for blue-yellow gratings
[6] as threshold contrast vs. spatial frequency in cycles per
degree; the solid curve shows the model fit.



The parameters k, p and σ are determined by fitting
the model’s responses to masked gratings. For the B-W
(luminance) channel, empirical data from several contrast
masking experiments conducted by Foley [2] is used, where
the contrast thresholds of Gabor targets masked by sinu-
soidal gratings of different orientations were measured. The
parameters k, p and σ of the R-G and B-Y channels are ad-
justed to fit similar data presented by Switkes et al. [12], as
shown in Figure 5 for the R-G channel.
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Figure 5: Contrast masking data for red-green gratings [12]
as target threshold contrast vs. masker contrast; the solid
curve shows the model fit.

The simulation results shown in the figures demonstrate
that the overall quality of the fit is very good and close
to the difference between measurements from different ob-
servers; all of the effects found in the above experiments are
captured by the model.

3.2. Validation

The database used for validation consists of distorted ver-
sions of a 320×400 color image showing the face of a child
surrounded by colorful balls. The original was compressed
with the JPEG algorithm, and the coding noise was deter-
mined in YUV space by computing the difference between
the original and the compressed image. Subsequently, the
coding noise was scaled by some factor ranging from −1 to
1 in the Y, U and V channels, respectively, and was then
added to the original in order to obtain the distorted im-
ages. Several test series were created by varying the noise
intensity along specific directions in YUV space [14].

Psychophysical data was collected for two subjects us-
ing a QUEST procedure [16]. The subjects were shown the
original image together with two test images, one of which
was the distorted image, and the other one the original.
Subjects had to identify the distorted image, and the per-
centage of correct answers was recorded. The responses for
one test series are shown in Figure 6.

Such data can be modeled by the psychometric function

P (C) = 1− 0.5e−(x/a)b , (4)

where P (C) is the probability of a correct answer and x
is the stimulus strength; a and b determine the midpoint
and the slope of the function [7]. These two parameters are
estimated from the psychophysical data; the variable x is
equivalent to the distortion measure ∆s in this procedure.
The resulting function is used to map the distortion mea-
sure onto the “% correct”-scale. Figure 6 shows the results
obtained in such a manner for one test series. A comparison
of the estimated detection thresholds of the two subjects for
each test series with the predictions of the metric is shown
in Figure 7. It can be seen that the predictions of the pro-
posed distortion metric are quite accurate for most of the
test series. The remaining discrepancies can be explained
by the fact that the subjective data for some test series were
relatively noisy, making it harder to compute a reliable es-
timate of the detection threshold.
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Figure 6: Percentage of correct answers vs. noise amplitude
for the two subjects (circles and stars) and the transformed
distortion measure (solid curve).
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Figure 7: Estimated detection thresholds of the two sub-
jects for each test series (error bars) compared to the met-
ric’s predictions (circles).



4. CONCLUSIONS

A distortion metric for digital color images based on a model
of the human visual system has been presented. The results
show that the model can fit psychophysical contrast sensi-
tivity and contrast masking data accurately and performs
well with respect to subjective data for natural images. Fu-
ture research will include extended inhibitory pooling in
order to study the influence of interactions between chromi-
nance and luminance channels. More extensive tests should
reveal the gain in prediction accuracy of a color model over
a simple luminance model.
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