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Abstract

The CIE approach to target visibility is based on Blackwell’'s experimental data of contrast
thresholds for uniform discs on uniform backgrounds. An analytical model of detection
thresholds has been proposed by the CIE (1972; 1981) followed by Adrian (1989). Another line
of research is based on the fact that the detection threshold of a periodic pattern can be derived
from the detection thresholds of its Fourier components, using the Contrast Sensitivity Function
(CSF) of the human eye. We use a computer vision algorithm to compare the two approaches:
a bank of spatial filters is tuned in order to compute the visibility of edges in an image, in a way
which is consistent with the CSF (Joulan et al.,, 2011a). It allows comparing the visibility
computed from a CSF-based method to the visibility computed from Adrian’s formula, on the
same images.

Keywords: Visibility, Contrast sensitivity function, detection threshold.

1 Context

Understanding the visibility of contrasts has been among the first goals of the CIE, with the
adoption of the Visibility curve V(1) (Gibson, 1926) proposed by Gibson & Tyndall (1923). The
investigation of contrast thresholds above which a target is visible made an important step
ahead when Blackwell (1946) conducted an intensive study where millions of data were
collected about the visibility of uniform discs on uniform backgrounds. These data formed the
basis for the CIE approach of target visibility, leading to a model of target detection threshold
taking many experimental factors into account (CIE, 1972; CIE, 1981). Following this line of
reasoning, Adrian proposed a formula for the computation of the contrast threshold (Adrian,
1989).

Another line of research is based on the realization, in the 1960, that the visual system is nearly
linear around threshold (Wandell, 1995). The detection threshold of a periodic visual pattern
can be derived from the detection thresholds of its Fourier components (Campbell & Robson,
1968), using the contrast sensitivity function (CSF) of the human eye (Barten, 1999). This
approach seems more general than modelling the detection of uniform targets, in the sense that
any spatial pattern can be described by its Fourier components, while the psychophysical data
accumulated on the visibility of uniform discs on uniform backgrounds cannot be easily
generalized to other shapes (Crescenzo et al., 2018). However, this approach is restricted, at
least in theory, to periodic patterns.

Surprisingly, these two approaches have not been compared so far to our knowledge, except
by Joulan (2015). In this paper, we use the computer vision approach proposed par Joulan et
al. (2011a), where a bank of spatial filters is tuned in order to compute the visibility of edges in
an image, in a way which is consistent with the CSF approach. Computing the visibility of the
edge of a uniform target on a uniform background with this image processing method allows
comparing the visibility computed from a CSF-based method to the visibility computed from
Adrian’s formula, on the same images.



2 Previous work

2.1 Uniform target visibility

The visibility of a target can be computed from psychophysical data of the visibility of uniform
discs on uniform backgrounds (Blackwell, 1946). This leads to a formula which fits most of the
available data on such targets, as proposed by the CIE (1981) and by Adrian (1987; 1989) using
the Visibility Level (VL) concept. The VL of a target is the ratio of its luminance contrast Cw
over the contrast threshold Ci, allowing 50% probability that the target is detected:
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where Cw denotes the Weber contrast:
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with L; the target luminance and L, the background luminance. Adrian’s model computes Ci, as
a function of the background luminance Ly, the apparent size a of the target, the target
presentation time t, the contrast polarity and the viewer’'s age. The proposed formula is as

follows:
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where AL, is the luminance difference between object and background at detection threshold,
CP is a contrast polarity factor (the contrast may be positive or negative), AF the Age Factor,
while ¢ and a are functions associated to Ricco’s law and Weber’s law (see Adrian, 1989 for
more details). From this equation, he computes the visibility level as:

Li— Ly
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(3)
which is equivalent to Eqg. 1.

2.2 Visibility of gratings

An alternative and more general method has been proposed, based on the Contrast Sensitivity
Function (CSF) of the human eye. The CSF gives the contrast threshold Ci for sinusoidal
gratings at any spatial frequency (the sensibility is the inverse of the contrast threshold).
Considering gratings, the Michelson definition of contrast is used:
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where Lmin and Lmax are respectively the minimal and maximal luminance in the pattern. The
contrast sensitivity of a sine wave grating of spatial frequency f is the inverse of the contrast
threshold:

CSF(f) = (5)

Cen(f)

Campbell & Robson (1968) showed that the visibility of a periodic pattern can be described
based on its Fourier components, considering that the contrast sensibility of each component
is given by its CSF of the human eye for the corresponding spatial frequency. It is thus possible
to estimate the visibility of any periodic pattern based on the CSF.

Various analytic models of the CSF have been proposed (e.g. Barten, 1999; Mantiuk et al.,
2022), taking the background luminance and the angular size of the periodic pattern into
account. In the following, we use Barten’s simplified function (Barten, 1990), which is a good
approximation in photopic vision:



CSF(f) = afe ™'\1 + cetf (6)
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Figure 1: Left: Contrast Sensitivity Function after Barten (2004) with a background luminance L=100cd/m? and
w=10°, see Eq. 6. Right: Contrast visibility for the human eye across spatial frequencies.
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2.3 Edge Visibility

Joulan et al. (2011a, 2011b) proposed an image processing version of the CSF approach to
compute the visibility of edges in an image. Firstly, a linear combination named SDoG, of
Difference-of-Gausian (DoG) filters (see Fig. 2) is used to fit the CSF. Secondly, the visibility
map is computed as the gradient norm of the image filtered by the 2D version of the SDoG,
following Marr & Hildreth (1980) idea that the “strength” of an edge is proportional to the slope
of the Laplacian at zero-crossings. Joulan’s 2D DoG was given as:

DoG, (u,v) = 1 u? + v? 1 u? + v? ®
0e V) = ooz &P 202 2m(oA)? exp 2(oM)?

where o and oA describe the spatial scales of the two Gaussians (Joulan uses A=3 based on
vision science data).
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Figure 2: Example of a Difference of Gaussan filter in 1 dimension.



When applied to a 1D sine wave grating (see below Fig. 5a), this filter performs an amplitude
modulation. Then, the value of o which maximizes the amplitude of the filtered signal of spatial
frequency f can be computed, leading to:

1 In(A)
o(f) =nF -1 9

Joulan et al. (2011a) followed Campbell & Robson’s suggestion that the CSF results from a
bank of pass-band filters. They used a linear combination of DoGs at various spatial scales,
leading to a weighted SDoG filter (Sum of DoGs):

SDoG = Zna)iDoG(fi) (10)
1

The SDoG is fitted on the CSF in such a way that, for several frequencies, the estimated visibility
of a sine wave gratings with a given spatial frequency is equal to the CSF for this frequency.
The full approach takes a CSF as input and computes an optimal bank of DoG filters in such a
way that computing the SDoG is almost equivalent, in the spatial domain, to applying the CSF
in the Fourier domain. The accuracy of the model depends on the number of DoGs in the SD oG,
and any experimental CSF can be fitted, for instance the CSF including the observer’s age as
a parameter as in Joulan et al. (2015).

3 DoG model

The Joulan et al. (2011a, 2011b) original method has been improved in several ways as
described in the following.

The CSF fitting algorithm, has been implemented in python based on a constrained minimization
approach. It consists of optimizing a list of parameters: the weights w; and the frequencies fi by
minimizing an error function. In this computation, we use A=3 as in Joulan et al. (2011a, 2011b),
and Eqg. 9 is used to compute the o(fi) from the fi. The Mean Absolute Error (MAE) is used as
the error function, computing the mean of the absolute differences between the CSF and the
reconstructed CSF on a set of uniformly sampled frequencies. To ensure that the model remains
consistent with the functioning of the human visual system, we added two constraints:

e Each weight must be positive and large enough to contribute to the CSF; therefore, we ask
that w; > 0.01;

e Each frequency must lie within a range corresponding to visible objects, therefore, we ask
that 0.01 < f; < 100 cycles per degree (cpd).

Table 1: frequencies and weights of the obtained DoGs.

DoG: DoG: DoGs DoGa4 DoGs DoGs
fi 0.1502 0.4704 1.2017 2.6934 5.3886 10.3431
o(fi) 0.7855 0.2508 0.0982 0.0438 0.0219 0.0114
Ao (fi) 2.3566 0.7523 0.2945 0.1314 0.0657 0.0342
o) 46.8430 37.8333 32.0385 25.1881 7.9288 1.5160

With 6 DoGs, we obtained the values presented Table 1, also displayed Fig. 3 (left) in the
frequency domain. The fit with Barten’s CSF is very good between 0.5 cpd and 20 cpd, as
shown in Fig. 3 (right), which includes the human peak of sensitivity around 3-4 cpd. In this



example, we used Barten’s simplified CSF as the reference (Barten, 2004), but the proposed
optimization also applies with another CSF curve.
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Figure 3. Left: DoGs 1 to 6 from table 1 plotted in the frequency domain, compared to Barten’s CSF (in blue).
Right: Comparison of Barten’s CSF (in blue) and the SDoG (in orange).

Once the CSF fitting by the SDoG is obtained, the computation of the gradient norm on the
image filtered using the SDoG leads to the so-called visibility map. To avoid border effect, the
input image is assumed symmetrically replicated. Values in the visibility map being higher along
edges, image edges are obtained by applying a non-maximum suppression algorithm (Canny,
1986) on the visibility map. As a result, the algorithm computes an edge visibility map where
the detected edges of the image are valued with the visibility at each edge pixel. Finally, the
edge visibility map is an image with zero outside edges, and the estimated visibility on edge
pixels. Fig. 4 shows some examples of visibility images computed on natural images.

Figure 4: Examples of edge visibility maps computed with the proposed algorithm. Top: original images.
Bottom: visibility maps.

Results

The algorithm was first tested on images of sinusoidal gratings of various spatial frequencies
(Fig. 5, top), where the theoretical visibility can be computed from the CSF using Eq. 5: the
sensitivity in the CSF is the inverse of the contrast threshold. The visibility of an edge is
computed as the mean value of the visibility along this edge (in these images, the edge visibility
is roughly constant along the edges). Fig. 6 (left) shows a very good fit between the visibility
computed by image processing and the theoretical contrast sensitivity, for a large range of
spatial frequencies (the similarity score is 99.72%). Moreover, we also checked whether a 2D
version of these gratings, with circular sine waves (Fig. 7b), would lead to the same values of
the edge visibility, and this is clearly the case (Fig. 6, right) with a similarity score of 99.74%.



Figure 5: Top: images of sine wave gratings of various spatial frequencies. Bottom: images of the edges
computed from the upper images.
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Figure 6: Contrast sensitivity according to Barten’s CSF compared to the visibility of edges in images of 1D sine
wave gratings as in Fig. 7a (left) and in images of 2D sine wave gratings as in Fig. 7b (Right).
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Figure 7: From left to right: (a) 1D sine wave grating, (b) 2D circular sine wave grating, (c) 1D square wave
grating with the same spatial frequency, (d) 2D circular square wave grating, and (e) uniform target.

The SDoG model was then applied to a series of images with different properties (Fig. 7c-e). It
was applied to square wave gratings either 1D or 2D (Fig. 2c & 2d), leading to the classical
result of Campbell & Robson (1968) that the contrast sensitivity is proportional to that of sine
wave gratings above 0.8 cpd, and nearly constant below. In the 1D case, this can be
demonstrated from the decomposition of a periodic square grating as:

s(t) = g Zw % sin(2 1k f t) (10)

k=1,3,5,...

The visibility of this signal can be computed from the visibility of each of the sine waves,
resulting in:

4 o 1
v = - st < CSF(k f) 11

e

The visibility of square wave gratings is similar to the visibility of sine wave gratings for spatial
frequencies above 1 cpd, and reaches a plateau below 1 cpd. Interestingly, this result also
holds for 2D rings: the similarity score is 99.19% with the 1D square waves (Fig. 8, left), and
99.78% with the 2D square rings (Fig. 8, right).
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Figure 8: Left: Visibility of edges computed from 1D square waves of various spatial frequencies (see Fig. 7c),
compared to the theoretical contrast sensitivity (Campbell & Robson, 1968). Right: same comparison with 2D
circular square waves (Fig. 7d).

Finally, we used uniform discs (Fig. 7e) similar to the central disc in the 2D square wave images
(compare Fig. 7d and 7e), but in an aperiodic image, in order to estimate the visibility of a single
targets as in Blackwell’s experiments (Blackwell, 1946; Adrian, 1989). Fig 9. Shows in
continuous line the sensitivity of single targets (Adrian model, blue curve) and periodic square
targets (CSF, orange curve). The main fact is that these two curves, however comparable in
shape, are not equivalent, and a visibility cannot be on the two curves at the same time.

The blue and orange spots in Fig. 9 represent the visibility of 2D square waves (orange) for
various spatial frequencies (Fig 7d) and the visibility of single targets of the same size as the
central disc in the square waves (Fig. 7e), computed with our image processing model with a
background of 100 cd/m?2. The blue and orange spots are very near to each other, meaning that
the computed visibility of the single target is quite close to the visibility of the same target when
surrounded by concentric rings as in Fig. 7d. In short, the proposed model, simulating human
vision based on a CSF, does not allow to quantitatively estimate the visibility of single targets
as proposed by Adrian (1987; 1989).
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Figure 9: Theoretical and computed visibility for targets of various shapes and sizes.

To understand this difference, it is worth noting that Barten’'s simplified CSF, which was
considered here in order to tune the SDoG filter, may be different from the actual CSF of the
participants of Blackwell’s and Adrian’s experiments, leading to possible discrepancies. The
differences between the computed visibility of a uniform disc and a periodic pattern should also
be discussed in view of a quantitative comparison that could be done step by step, in order to
understand the limits of each of these models. In our case, given that the CSF applies to
periodic stimuli, other types of periodic targets may be investigated, for a better understanding
of the influence of the rings around the central target on the visibility of this central target.



4 Conclusion

The results obtained with our operator, fitted on Barten’s CSF, proved quite satisfactory. The
1D and 2D gratings (bars and rings) have almost exactly the same visibility (waves vs circles
in Fig. 7), which is a good point for the CSF-based model and should help understanding the
relation between the visibility of 1D gratings and the visibility of uniform 2D targets. Also, the
proposed model is consistent with Cambell & Robson (1968) regarding the visibility of square
gratings, either 1D or 2D.

However, when we compared our results to Adrian's model of the visibility of uniform discs, we
found a discrepancy between the two, consistent with other limitations of image processing
algorithms when it comes to simulate human vision (Cai et al., 2025). Among the possible
explanations for the discrepancy between the visibility computed by our model for periodic and
aperiodic targets, the following are worth investigating:

e The definition of visibility and contrast: Blackwell and the CSF do not use the same definition
for the contrast (Weber vs Michelson), which may explain that the visibility thresholds differ.

e Adrian's formula includes more parameters than Barten's CSF (e.g. observer’s age, target
presentation time). Barten's CSF does not use these parameters, so we assumed it was
based on ideal conditions (minimum age and maximum exposure time). The ongoing work
of CIE reportership DR 1-73 on “Modelling contrast sensitivity functions across a large
parameter space” may help investigating this aspect in future work.
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