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Abstract. This paper presents a model explaining tilt illusion effect in
the Café Wall pattern. In this geometric illusion, we perceive horizontal
edges as tilted. We explain this as the result of innate retinal/gangliar
visual processing of the pattern. Our bioplausible model is based on a
simple early layer using Difference of Gaussian over simple ON-center
and OFF-center receptive fields, with a quantification module replacing
later layers of a Deep Neural Network. The experimental results show
that this bioplausible filtering technique can explain the tilt illusion of the
Café Wall pattern. Our statistical analysis of tilt provides a quantitative
measurement and an empirically testable prediction for the degree of tilt.
This shows that the Difference of Gaussian reveals cues for perception
and clues about the illusions we perceive.

1 Introduction

Geometric or tilt illusions are optical illusions that are perceived differently from
their actual geometry, e.g. parallel lines are perceived as not being parallel or
straight lines as bulges or bows. The Café Wall illusion is studied here with its
illusory perception of convergent and divergent mortar lines rather than parallel
lines.

The geometrical interpretation of visual input is the end result of a process
involving both low level retinal and cortical processing and high level cortical
processing including feedback from previous experience and interactions (bind-
ing) with other modalities, and is thus a natural framework for bioplausible
understanding of deep neural processing in vision. We present the earliest stages
of a deep neural network (DNN) using a Difference of Gaussian (DoG) model,
and replace the later layers with a standard (Hough) edge detection pipeline to
discover and quantify the parameters of the perceived edges. Our assumption
here is that DNNs (involving autoassociation/autocorrelation/autoencoding,
e.g. ART, RBM, LSTM) encode features that are edge-, curve- or stroke-like
[1,10,13,18,34,35].

Visual processing starts in the retina as light from the image is focused on
the photoreceptors in the retina and generates synaptic signals that feed into
the middle layer, where ‘lateral inhibition’ (LI) [30] enhances the synaptic signal
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as activated cells inhibit the activations of nearby cells. This retinal convolution
is specified as a pulse response or point spread function (PSF) that has an edge
enhancement effect [12] and acts as a band pass filter. In the final layer we find
retinal ganglion cells (RGCs) whose axons carry the visual signal to the cortex.
The contrast sensitivity of RGCs in layer two is the underlying mechanism which
is implemented in our model with circular center and surround receptive fields
(RFs) [6,25,26,32].

Physiological and psychophysical findings support multiscale representation
and processing in the visual cortex and the retina [7,8,13]. Earlier, it was
assumed that orientation detection takes place solely in the cortex, but recent
retinal research has significantly extended our understanding of RGCs. Field
and Chichilnisky [7] published a comprehensive study about retinal circuitry
and coding, mentioning at least 17 distinct RGC types in the retina, each with a
specific encoding role. The intra-retinal circuitry, with the variations of RFs type
and their size change in relation to distance from the fovea (eccentricity), are
all indicating the underlying multiscale encoding inside the retina. Some retinal
cells have the orientation selectivity property similar to the cortical cells [7,8],
all support the raw to full primal sketch of Marr’s idea in vision [22].

Several authors have offered explanations of the Café Wall illusion, such as
‘border locking’ [9] and ‘phenomenal model’ [16] at a high level, and ‘brightness
assimilation and contrast’ [15] and ‘band-pass spatial frequency’ [24] at a low
level. While they appear to explain the illusion at different levels of processing,
many have common features including lateral inhibition and the suppression
effect [12,29,30]. A hybrid retino-cortical explanation for Café Wall illusion has
been proposed by Westheimer [36] recently, which considers light spread, com-
pressive nonlinearity and center-surround transformation (retinal) and sharp
straight borders, pointed corners and angle shifts (cortical processing).

Our contribution is to demonstrate computationally that early DoG process-
ing does lead to tilted features, which we analyze quantitatively to predict spe-
cific angles at specific resolutions (or visual angles) that are capable of empirical
validation with human subjects.

2 Café Wall Illusion and Edge Detection

The more general class of tile illusion patterns have tilt, bulge, or wave inducing
effects and their explanation requires techniques to highlight these cues. Apply-
ing simple edge detection and edge sharpening reveals the outlines, for instance
in the Café Wall the tile’s borders and mortar, but no tilt is detected to explain
the illusion.

A satisfactory explanation of an optical illusion requires both computational
feasibility and biological plausibility and a computational model thus can be a
neurological theory of how the world is really represented in the brain. The tilt
illusion in Café Wall pattern is characterized by the appearance of slanted line
segments along the mortar lines [5,24], making the tiles seem wedge-shaped [9].
At a global level we see alternating converging and diverging mortar lines.
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Because the effect of tilt illusion in Café Wall is highly directional, it raises
the question of whether lateral inhibition and point spread function of RFs can
explain the tilt effect in the pattern or not. We will show that a bioplausible
model [25,26], with a circular center and surround organization for retinal GCs,
a Classical RF (CRF) model [6,32], is able to predict the tilt illusion in Café
Wall pattern. There is no need to utilize complex models of non-CRFs [2,28] for
the retinal/cortical orientation selective cells implementation for explaining this
illusion.

The significance of our contribution is to show that at lower levels of visual
processing, the underlying geometrical cues of illusions start to appear. Many
tile illusions are commonly considered to be high level illusions [9,16,36] and
our low level explanation [25,26] thus has significant implications for human
and computer vision and may facilitate development of more general model of
illusion.

3 The Bioplausible Model

There is physiological evidence [7,8] that retinal cells have a diverse range of
receptive fields of different size and type as a function of eccentricity (centrality)
[20]. This suggests a multiscale retinal encoding of the visual scene. The scientific
understanding of retinal receptive field processing is that the multiscale retinal
representation of visual data is “scale-invariant” and there is an adaptation of
the receptive field sizes to textural elements inside our field of view [12,20,33].

Kuffler [17] demonstrated that the receptive fields are roughly concentric,
with the excitatory center and inhibitory surround or vice versa. Rodieck and
Stone [32] and Enroth-Cugell and Robson [6] showed that the signals from the
center and surround regions can be modeled by a weighted sum of photoreceptor
outputs by two concentric Gaussians, with the different radii determining the
ganglion cell response [19,31].

Computational studies of early visual processing and modeling of the phys-
iological mechanisms of simple cells were reported by Marr and Ullman [23],
inspired by the simple cell’s directional sensitivity in the primate visual cortex.
A CRF model for retinal GCs responses [25,26] is used to explain the Café Wall
illusion and is the basis for quantitative measurement of tilt angle.

3.1 Formal Description and Parameters

The main stage in our experiment uses the DoG model (Fig. 1) to extract a
bioplausible representation for the image (sample Café Wall image and feature
maps are shown in Fig. 2). This feature representation is interpretable as an
edge map in which the edges clearly reflect the perceived tilt. The RFs have a
bioplausible implementation base on DoG. We simulate the DoG model on an
image (illusion), and complete a quantitative analysis of the angles of the tilted
lines in the feature map (Fig. 3).



Quantitative Analysis of a Bioplausible Illusion Model 625

Fig. 1. DoG filter displayed in jetwhite colormap (downloadable from MathWorks cen-
tral file exchange), with σc = 8, σs = 16, h = 8.

Fig. 2. Top: 50px Tile, 2px Mortar stimulus. Middle: Binary representation of the edge
map with DoG scale (σc) ranges from 2 to 6. The other two parameters are constant:
s = 2, h = 8. Bottom: Jetwhite colormap representation of above multiple scale edge
map. (Reproduced by permission from [27])

Applying a Gaussian filter to an image creates a smoothed or blurred version.
The DoG output of an image is the difference between such two blurred versions,
and DoG processing acts as a band pass filter (Fig. 1). For a 2D signal such as
image I, the DoG output of our retinal GCs model with antagonistic centre and
surround organization is given by:

Γσ,sσ(x, y) = I ∗ 1
2πσ2

e−(x2+y2)/(2σ2) − I ∗ 1
2πsσ2

e−(x2+y2)/(2s2σ2) (1)

s = σsurround/σcenter = σs/σc (2)

where x and y represent the distance from the origin in the horizontal and vertical
axes respectively and σ indicates the sigma of the centre Gaussian (σc). sσ rep-
resents the sigma of the surround Gaussian (σs). This concentric representation
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Fig. 3. Flowchart of experimental process. (Reproduced by permission from [27])

of the center and surround Gaussians, models the retinal PSF and LI inside layer
two of the retina [6,19,32].

Taking the difference of two DoGs estimates the second derivative of the
Gaussian, that is the Laplacian of Gaussian (LoG), and can provide more shades
and shadows around the edges with more depth information. For modeling the
receptive field of retinal GCs, DoG [19,31] is a good approximation of LoG, if
the ratio of dispersion of centre to surround is about s ≈ 1.6 (≈φ, the ubiquitous
Golden Ratio) [22]. By increasing s, we achieve a wider area of surround sup-
pression, although the height of the surround Gaussian declines. s = 2 is used
in experimental runs.

In implementing the model, it is inconvenient and implausible to deal with
Gaussians of unbounded extent, so we apply the DoG model only within a win-
dow of a size chosen so that the value of both Gaussians is negligible outside
the window (e.g. less than 5% for the surround Gaussian) and we therefore con-
trol windowSize as large windows have high computational cost. windowSize is
determined by h parameter defined as below:

windowSize = h × σc + 1 (3)

where parameter h determines how much of the center Gaussian and the sur-
round Gaussian are included in the filter.

Variations of DoGs have been tested with different values of s (1.5 < s < 3.5),
while keeping σc and h constant. The result indicates that the final output of
the model is not very sensitive to this modification range.
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In particular, h = 2 corresponds to the diameter of the centre Gaussian,
the part between the inflection points (68% centre, 31% surround); h = 4 cor-
responds to the diameter of outer Gaussian (95% centre, 68% surround); and
h = 8 corresponds to the standard p < 0.05 significance for the outer Gaussian
(99.94% centre, 95% surround). h = 8 is used in experimental runs.

3.2 DoG Representation of an Image

Figure 2 shows the output of the bioplausible model with DoG scales of 2, 4, and
6, on a Café Wall image with the size of 3×9 Tiles, where Tile sizes are 50×50px
and Mortar size is 2 pixels. For easier naming of patterns, a few name tags are
defined, representing ‘tile size’ with T and ‘mortar size’ with M followed by
their values. So the pattern is referred to as Café Wall3 × 9-T50-M2.

We need to quantify the tilt of the lines induced by the DoG transformation
so that we can compare with the tilt perceived by a human observer, and so
embed the model in a processing pipeline involving multiple standard image
processing transformations.

3.3 Image Processing Analysis Pipeline

We therefore turn to discuss the pipeline to extract edges and find and analyze
their angles of tilt, as shown in Fig. 3.

MODEL - DoG Representation. For convenience, we focus on small cropped
sections of the original image and this is illustrated in Fig. 4, with its DoG
representation for a different range of σc varied from 1 to 4. The crop is selected
from Café Wall3 × 9-T50-M2. The crop specifically selected in such a way to
contain one single slanted line segment along a mortar line.

Fig. 4. Top: A crop section of Café Wall3 × 9-T50-M2. Middle: Binary representation
of the edge map with the σc ranges from 1 to 4, s = 2, h = 8 are constant. Bottom:
Jetwhite colormap representation of the above edge map. (Reproduced by permission
from [27])
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The most fundamental parameter in the model is the diameter of the center
Gaussian (σc), and this value is highly correlated with the pattern elements
and their characteristics, in this case the mortar size. To extract the tilted line
segments along the mortar lines, we need σc to be of the same order as the mortar
size. We undertook empirical test simulations to find an appropriate range for
σc, testing range of 1/2M to 2M with incremental step of 1/2M . Similar DoG
representation is used by others in the deepest layer of a DNN [21].

The output in Figs. 2 and 4 show that by increasing the scale, the corner
effect gets highlighted. This effect with the appearance of tilted line segments
has a consequence on the appearance of square tiles to look similar to trapezoids,
inducing convergent and divergent mortar lines. The trapezoid shape referred to
as wedges in some previous studies on the Café Wall pattern and declared to
be the explanation for the tilt effect in the Café Wall illusion [9]. On the other
hand, the output of lower scale DoG filters preserve the outline and shape of the
tiles and the connectivity of them by the mortar line. This local connectivity
of tiles in adjacent rows by the mortar line, start to get disconnected when the
scale of the filter is increased.

EDGES - Hesse Normal Form Representation - Hough Transform.
The output of the model is an edge map based on DoGs. Such edge maps, often
derived from multiple DoG scales, are common intermediate levels in a typical
DNN [21]. In place of the usual higher level layers of the DNN, we introduce an
analysis to characterize the tilted line segments present in this edge map. The
first processing step for this extraction of line orientation and length information
is to represent the edge pixels of the pattern in the ‘Hesse normal form’ (HNF)
[4]. First, the edge map should be converted to a binary map. The HNF and the
voting procedure are sometimes referred to as Hough transform (HT).

In image processing, the Standard Hough Transform (SHT) [11,14] is for
representing straight lines inside the image and uses a two-dimensional array
called the accumulator with the dimensions equal to quantized values of ρ and
θ in the pair (ρ, θ) where θ is in the range of [0, π). In this representation, every
possible line through the image is characterized by a (ρ, θ) pair that is the HNF,
being a point in Hough space. All pixels that sit anywhere on a line are counted
inside a corresponding bin in the accumulator matrix. Conversely, every edge
pixel (x, y) in the image space, corresponds to a sinusoidal curve in (ρ, θ) space
as given by (4), with θ as free parameter corresponding to the angle of the lines
passing through the point (x, y) in image space:

ρ = x. cos θ + y. sin θ (4)

where ρ represents the perpendicular distance between the line passing through
that point with a specific θ and the origin, and θ is the counter-clockwise angle
between the normal vector (ρ) and the positive direction of the x-axis. Therefore,
two or more points that form a line in image space will produce sinusoids which
cross at the point of (ρ, θ) in Hough space. So the output of the Hough trans-
form is a two-dimensional accumulator matrix H, with the dimension of ρ × θ.
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Each element of the matrix corresponds to the sum of the points or pixels that
are located on the line represented by quantized parameters of (ρi, θi). For com-
puting the Hough Transform of a binary image, the MATLAB hough function
is used. The result of hough is all possible lines that could pass through every
edge point in the edge map, and certainly not all of these lines are of interest.

HOUGH - Lines at Local Maxima of the Accumulator Matrix. In the
EDGE-processing stage, all possible lines that could pass through every edge
point in the edge map are extracted but we are just interested in the detection
of tilt induction line segments inside the Café Wall image. The local maxima
in the accumulator space show the most likely lines that can be extracted, and
their approximate geometric definitions of (ρ, θ) values.

We have exploited two MATLAB functions called houghpeaks and
houghlines that rely on further processing of the data in the accumulator
matrix (H). The values of the parameters defined in these two functions should
be selected based on the resolution of the Café Wall pattern and the scale of the
bioplausible model in order to limit the line detection to the desired tilted line
segments with the tilt inducing effect. More information about their parameters
is explained below.

– The houghpeaks function finds the peaks in the Hough accumulator matrix
H. Its parameters are numPeaks (maximum number of lines and line segments
to be detected), threshold (threshold value of H for searching the peaks), and
NHoodSize (the size of the suppression neighborhood that is set to zero after
the peak is identified).

– The houghlines function extracts line segments from the edge image associ-
ated with particular bin in a Hough accumulator matrix (H). Its parameters
are FillGap (the distance between two line segments associated with the same
Hough bin. If the gap between them is shorter than this value, they are merged
into a single line segment), and MinLength (specifies keeping or discarding the
merged lines. Lines shorter than this value are discarded).

Figure 5 illustrates a sample output of HOUGH analysis stage in the model.
The investigated pattern is a crop section of the Café Wall3 × 9-T800-M32
(Fig. 6-Right). The detected line segments are shown in green, displayed on a
binarized edge map with four DoG scales (16, 32, 48, and 64). Blue lines indicate
the longest detected line segment. Further explanations about the values of all
parameters used in the model and the analysis are given in Sect. 4).

The absolute value of mean tilt and standard deviation are then calcu-
lated as a quantitative measurement for tilt deviation. The detected lines in
the vicinity of four base orientations (Horizontal (H), Vertical (V ), positive
Diagonal (+45◦,D1), and negative Diagonal (−45◦,D2)) are saved here for fur-
ther processing. Applying Hough transform for line detection involves heuristics,
rasterization and quantization [4] errors, so we present mean tilt and variance.

The parameters of houghpeaks and houghlines functions have been selected
empirically for correct detection of slanted line segments. For instance, Min-
Length should be larger than T (TileSize) to not detect the outline of tiles.
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Fig. 5. HOUGH stage result. Detected tilted line segments displayed in green on a four
scale edge map of cropped CW3×9-T800-M32 pattern. The DoG scales are 16, 32, 48,
and 64. Blue lines have highlighted the longest lines. (Color figure online) (Reproduced
by permission from [27])

Fig. 6. Left: 800px Tile (T ), 32px Mortar (M) stimulus. Right: Cropped section of the
left pattern, with the size of 4.5 × T (width), and 2 × T + M (height), enlarged.

On the other hand FillGap parameter should fill the gap that starts to appear
by DoG filtering and get larger in size when the scale of the DoG filter increases.

ANALYSIS. The information of the detected line segments including their
orientations, are saved inside four matrices based on how close they are to one
of the base orientations defined here for analysis. The four base orientations are
horizontal (H), vertical (V ), positive diagonal (+45◦,D1), and negative diagonal
(−45◦,D2), and for the neighborhood around them, an interval of [−22.5◦, 22.5◦)
is chosen to cover the whole space. The parameter values defined in the imple-
mentation for tilt detection of the Café Wall, categorize the detected line seg-
ments in the horizontal class. Indeed, the perception of tilt in the Café Wall is
near horizontal, except for the time when the distance is very far, and the model
prediction should be the same. When the DoG scale is quite large compared to
the mortar size, the near horizontal tilt is replaced by zigzag vertical joining of
similar colored tiles [25,26].

The base orientations could be selected in a smaller angular interval such
as in every 15◦ or 30◦ angles, but for the tile illusions, 45◦ increment for base
orientations is enough as there are only horizontal and vertical edges. However
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the range of 15◦ or 30◦ might be well matched to other geometric illusions and
better fit the way humans distinguish between angles.

The statistical analysis of the detected lines in the neighborhood of each
base orientation is the output of this stage and includes the mean and standard
deviation around the mean for each scale of the DoG. Also the histograms of line
segments on their angular positions around base orientations can be graphed,
representing the prominent tilt orientation. As DoG scale increases, both the
mean tilt and standard deviation increases and the distribution of detected line
segments gets more spread, covering more angular tilt range.

4 The Experimental Results

In this section, we explain two sample experiments for evaluating the model. The
bioplausible model used here is similar to Robson’s [31] in which finds retinal
GCs response to the pattern (image). He claimed that a model of ganglion cell
RF with antagonistic center and surround organization of DoG can predict the
cell response to any arbitrary stimulus pattern. What is needed is finding the con-
volution between pattern’s luminance function with the difference of Gaussian
that is the weighting function of ganglion cells RFs. We now illustrate the details
of two main experiments conducted.

4.1 Experiment One - Resolution Analysis

The aims of this experiment are to confirm that the resolution of an image does
not affect the detected range of tilt, if their perceived sizes (visual angle) are
the same and the DoG filtering is kept to scale. Viz. different resolutions of Café
Wall pattern with the same perceived size either displayed on monitor or printed
on paper, should have approximately the same tilt effect. From a practical per-
spective, this exploration of the role of resolution and subjective identification
of the range of resolution that is reasonable to consider, is important to allow
us to focus our quantitative experiments.

There is a close relationship between the resolution of pattern and the pat-
tern’s visual angle. The visual angle shows the person’s subjective experience
of how large an object or pattern’s element looks. Stating the visual angle is a
direct way to simply reference the size of the image on the retina rather than
having to include both the size and distance parameters as it makes (apparent)
size independent of distance.

It is possible that two distal stimuli subtend the same visual angle even
though they have different extents. So, the visual angle as the pattern reference
in retinal stimulation (or retinal image) is a more appropriate measure than the
extent of the distal stimulus. We have not performed any psychophysical tests
here therefore the image resolution is used as a reference not the visual angle.

For the resolution analysis experiment, five different resolutions of the Café
Wall3×9 pattern have been generated. The characteristics of these variations of
the Café wall3 × 9 patterns are given in Table 1. An identical cropped window
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Table 1. Arithmatic Mean ± Standard Deviation of tilt for different resolutions of
cropped Café Wall3 × 9 pattern, and the parameters of the model.

Resolution1 Resolution2 Resolution3 Resolution4 Resolution5

Tilt and Mortar size (T, M) 50,2 100,4 200,8 400,16 800,32

σc = (1/2mortar) 1 2 4 8 16

Tilt mean and variance 3.3± 1.2 3.6± 1.2 4± 1 4.5± 0.5 3.6± 1.24

σc = (1mortar) 2 4 8 16 32

Tilt Mean and Variance 8.25± 1.3 8.25± 1.3 7.2± 1.6 7.2± 1.6 7.2± 1.6

σc = (3/2mortar) 3 6 12 24 48

Tilt mean and variance 9.75± 3.6 9.87± 3.7 9.9± 3.5 9.75± 3.6 9.9± 3.5

σc = (2mortars) 4 8 16 32 64

Tilt mean and variance 9.3± 7.5 10.44± 4.25 10.9± 5.7 11.5± 5.7 11.7± 5.7

houghpeaks & houghlines param

numPeaks, Threshold 50,3 50,3 50,3 50,3 50,3

FillGap, MinLength 10,120 20,240 40,480 80,960 160,1920

Fig. 7. Two samples of high resolution variations of cropped CW3 × 9 pattern. DoG
scales are equal to the mortar size, and s = 2, h = 8 const. Left: T = 200, M = 8,
σc = 8. Right: T = 800, M = 32, σc = 32. (Reproduced by permission from [27])

with the width of 4.5 × T , and the height of 2 × T + M have been selected in all
of these versions. The cropped sections have the same height above and below
the mortar. Figure 6 shows the highest resolution of the Café Wall3 × 9 pattern
that has been generated, with the T = 800, and M = 32 (Left), and the cropped
section of the pattern (Right).

To make a distinction between the convergent and divergent mortar line, we
talk about falling and rising, in which in the falling mortar, the right side of the
mortar line is lower than its left side compared to the horizontal direction and
for the rising mortar the vice versa. For instance in Fig. 6 (Left) the top mortar
line is falling while the 2nd/bottom mortar line is rising.

Figure 7 illustrates the DoG output of two high resolution variations of
cropped Café Wall3×9 pattern in jetwhite colors with their scales equal to their
mortar size, Left: (T,M) = (200, 8) with σc = 8, and Right: (T,M) = (800, 32)
with σc = 32. The result of parameters adjustment for five resolution versions of
the Café wall3×9 pattern with the result of mean tilt and variance are provided
in Table 1.
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Fig. 8. Arithmetic Mean ± Standard Deviation for three resolutions of 3, 4, and 5 of
Café Wall3 × 9-crop versions similar to Fig. 6-Right. The details of each resolution is
given in Table 1. (Reproduced by permission from [27])

As shown in Table 1, for resolutions 3, 4, and 5 when the diameter of the
center Gaussian is equal to the mortar size (σc = M), the detected mean tilt
stay the same. There is one degree difference versus the lower resolution results.
By increasing σc, there would be an increase in the mean tilt and variance. This
is because the edge map gets thicker in the surrounding area in higher scales,
and the detection of tilted lines with wider angular range is possible within these
thick outlines. The houghpeaks and houghlines parameters have given in the
last two rows of Table 1 for each resolution. The results of the mean tilt and
variance with different DoG scales for three highest resolutions of the cropped
Café Wall3 × 9 pattern (Resolutions 3, 4, 5) have been graphed in Fig. 8 with
additional DoG scales compared to the values represented in Table 1.

4.2 Experiment Two - Cropping Parameterization

The aim of this experiment is to explore the effect of a focal or cropping region on
tilt. To fix parameters not being investigated we restrict consideration initially
to the Café wall3 × 9-T400-M16 pattern (resolution4). 50 samples are taken
from the falling mortar (cropped as top mortar line) and 50 samples from the
rising mortar (2nd/bottom mortar line). Sample dimensions are the same as
the cropped section in the previous experiment (width of 4.5 × T and height
of 2 × T + M , with the same height above and below the mortar line). The
sampling process starts from the left side of the pattern, with a resolution of 32
pixels between samples for both shift size and offset.

The result of Horizontal investigation of the mean tilt and variance of the
detected lines, for all 50 samples of falling and 50 samples of rising mortar lines,
have been analyzed for every DoG scale. The investigations show that as the
scale of the bioplausible model (σc) increases, the variance also increases.
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Fig. 9. The normalized of near horizontal detected lines for 4 different DoG scales of
8, 16, 24, and 32 of Café Wall3 × 9-T400-M16 with 100 samples in total. 50 Samples
are taken along Falling mortar, and 50 samples from Rising mortar with 32px between
samples as the offset/shift. (Reproduced by permission from [27])

Horizontal investigations of the detected lines based on their orientations is
summarized in Fig. 9, indicating the normalized number of detected line segments
from the 100 samples. The graph indicates the effect of the edge map scale on
the range of detected tilts. This range covers a wider neighborhood area around
horizontal axis when the DoG scale increases.

As shown, the scale of 32 has a high range of variations of tilt angle that is not
reflected in our subjective perception of the pattern. Furthermore the angular
values of detected slanted lines are very small in scale 8. So based on these
results, the most informative parameter for the DoG scale in order to detect the
convergence and divergence of the mortar lines and perceive consistent subjective
tilt, is a center scale near the size of the mortar, here DoG16. The primary
parameter of the DoG model is the scale factor (2σ is the diameter between the
inflection points of the Gaussian and the range is smallest when this corresponds
to the mortar size) with empirically insignificant parameters including the ratios
between the Gaussians or to the window size used for filtering. The best way to
confirm the prediction of this mortar-parameterized model as a plausible range
for σc is by psychophysical experimental testing (future work).

A paired-samples t-test on 100 samples was conducted to compare the tilt
mean value across the different scale DoGs. All comparisons were significant with
p < 0.01.

5 Conclusions and Future Work

The optical illusion known as “Café Wall” is studied here, based on a bioplau-
sible model of the earliest layers of our “deep neural network” as being retinal
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receptive fields (RF), modeled with ON-and OFF-center ganglion cells (GCs).
The model is a classical RF (CRF) model [6,32], with circular center and sur-
round organization based on difference of Gaussian, simulating a retinal response
to the stimulus in low level vision [25,26], which we refer to as a multiple scale
edge map of the pattern. The perceptual effect in the Café Wall illusion pro-
duces strong tilt effects, and our model explains the perception of divergent and
convergent mortar lines in the pattern. The illustration of edge maps at multiple
scales explains the concept of local and global (or foveal and peripheral) viewing
of the pattern. This provides new insights into physiological models [3,7,8] as
well as supporting Marr’s theory of low level vision [22,23] and provides relevant
insights for the construction of bioplausible DNNs.

The model’s early stage output is investigated to quantify the degree of tilt
using Hough transforms in place of the later DNN layers. Mean tilt and standard
deviation of the detected tilt line segments are calculated for every scale of the
edge map, as well as the histogram of near horizontal detected tilted lines in
their positional angular values for a display of overall tilt, providing quantified
predictions for both experiments with human subjects as well as features self-
organized by DNNs.

More complex tile illusions having a diverse range of tilt will need fusion
of multiscale (local and global) representations of the input pattern, considering
the focus point (change of illusory effect with saccade) as well as a wholistic view
of the pattern. The extension of the model to non-CRFs (nCRF) [28] based on
elongated surrounds, might facilitate the directionality evaluation of a broader
range of geometric illusions which will be investigated. A psychophysical assess-
ment of the model predictions will also help the design of an analytical model
for searching different visual clues in natural or illusion patterns similar to our
visual processing.

The current models for geometric illusions are quite complicated and more
research is needed to improve models of vision while directing them towards less
sophisticated and more bioplausible detection of visual cues and clues. We believe
that further exploration on the role of simple Gaussian-like models [21,22] in low
level retinal processing, and Gaussian kernels in early stage DNNs, and its pre-
diction or loss of perceptual illusion will lead to more accurate computer vision
techniques and models and potentially steer computer vision towards or away
from the features that humans detect. These effects can, in turn, be expected to
contribute to higher-level models of depth and motion processing and generalized
to computer understanding of natural images.
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