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Contour detection is a salient operation in many computer vision applications as it ex-
tracts features that are important for distinguishing objects in scenes. It is believed to be
a primary role of simple cells in visual cortex of the mammalian brain. Many of such cells
receive push-pull inhibition or surround suppression. We propose a computational model
that exhibits a combination of these two phenomena. It is based on two existing models,
which have been proven to be very effective for contour detection. In particular, we intro-
duce a brain-inspired contour operator that combines push-pull and surround inhibition.
It turns out that this combination results in a more effective contour detector, which sup-
presses texture while keeping the strongest responses to lines and edges, when compared
to existing models. The proposed model consists of a Combination of Receptive Field (or
CORF) model with push-pull inhibition, extended with surround suppression. We demon-
strate the effectiveness of the proposed approach on the RuG and Berkeley benchmark
data sets of 40 and 500 images, respectively. The proposed push-pull CORF operator with
surround suppression outperforms the one without suppression with high statistical sig-
nificance.

© 2020 The Author(s). Published by Elsevier Inc.
This is an open access article under the CC BY-NC-ND license.
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

Contour detection is a very important tool in computer vision as it allows the reduction of images to salient features.
Many contour detection algorithms suffer from insufficient ability to distinguish edges that are embedded in texture, such
as grass and leaves, from those that delineate the defining features of objects. This distinction of salient edges is, however,
a seamless operation to the mammalian brain.

The main source of inspiration for this work is neuro-physiological evidence in order to design a contour detection
operator that exhibits high robustness to texture and accentuates contours that characterize objects in complex scenes.
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(a) (b)

Fig. 1. (a) An example image of a real-life scene (taken from the RuG data set) with a main object surrounded by texture. (b) The desired output contour
map hand drawn by a human being.

Fig. 1a shows an example of an image with a dominant salient object surrounded by texture in the form of grass. Fig. 1b
shows the desired contour map that delineates only the boundary and the salient features within the main object.

The aim of this work is to design a brain-inspired local operator that emphasizes the salient contours that humans
perceive as whole objects and suppresses non-relevant responses. Next, we provide a brief summary on how the brain
processes visual information and describe two inhibition phenomena manifested by certain types of cells, which we mimic
in order to design our operator.

The ventral and dorsal streams in the visual system of the mammalian brain are the areas where object recognition
and motion detection are, respectively, believed to be performed. The primary visual cortex (V1) is the first area of visual
information processing in these streams. It contains, among other types of neurons, simple cells that respond to lines or
edges with preferred orientations [1]. The primary biological function of simple cells is believed to be edge detection, which
is the first step towards contour detection and object recognition. In [2], Hubel and Wiesel speculated that the preferred
stimulus of a simple cell depends on the specific alignment of the concentric receptive fields of multiple LGN cells that
provide input to it. A simple cell responds when all afferent LGN cells are activated, meaning that the preferred stimulus
lies within its receptive field.

The receptive field of a simple cell is organized into inhibitory and excitatory regions. This is known as the classical
receptive field (CRF). There are, however, simple cells that receive inhibition from other such cells whose receptive fields
lie in the surroundings of their receptive fields. These types of cells are known to have non-classical receptive fields (NCRF)
[3]. Moreover, many simple cells receive antiphase or push-pull inhibition [4-7]. A push-pull response of a simple cell with
a CRF is observed when two stimuli of preferred orientation but of opposite contrast evoke responses of opposite sign;
the stimulus of preferred contrast evokes a push (positive) response and the stimulus of opposite contrast evokes a pull
(negative) response (see Fig. 2). Although there is no explicit biological evidence for the wiring depicted in Fig. 2, the model
is generally accepted in neurophysiology [4,5,8-11]. It is likely that the push-pull inhibition mechanism contributes to the
suppression of texture, thus giving more prominence to the contour of objects. It seems that it is also the most dominant
form of inhibition received by simple cells [5-7,12].

The field of computer vision has often been inspired by neurophysiological findings. Simple cells and their mechanisms
have also been modeled by computer algorithms and used for contour detection [14-16]. Originally, simple cells were mod-
eled by 2D Gabor functions and have been widely used in computer vision applications [17,18]. It turns out, however, that
Gabor functions do not explain all properties of simple cells and they also bypass the intermediate responses of model
LGN cells. This aspect was the focus of a recent study [19], which proposed a novel Combination of Receptive Fields (CORF)
model of a simple cell. It was demonstrated that the new CORF model achieves more properties of real simple cells, such
as contrast invariant orientation tuning, cross orientation suppression, and better contour detection, than the Gabor func-
tion model. Its implementation, called (B-)COSFIRE (Combination of Shifted Filter Responses), has been demonstrated to be
successful for the delineation of elongated structures, such as blood vessels in retinal images [20], roads and rivers in aerial
images [21] and pavement cracks [22]. Later, the CORF model was extended by incorporating an inhibitory step, in order
to model push-pull inhibition [13]. It achieved further properties of simple cells and the performance of contour detection
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Fig. 2. A schematic diagram of a push-pull CORF model. The concentric circles represent the receptive fields of model LGN cells. The shaded light and dark
gray areas indicate ON and OFF subregions. The set of concentric circles at the top can be considered as the model LGN cells that simultaneously fire for
the preferred stimulus shown at the bottom, thus activating the simple cell they are connected to. The other concentric circles in the middle have opposite
polarity and are connected to an intracortical model cell. The final response of the push-pull CORF model is the difference between the response of the
model cell at the top and a weighted response of the model cell in the middle. Adapted from Azzopardi et al. [13].

improved substantially, mainly due to increased robustness to noisy contours. It also outperformed other contour detection
models inspired by the brain as well as other classical detectors, such as the Canny operator. The effects of push-pull in-
hibition to strenghten the robustness to various types of noise and textured background have been recently shown in [23],
where a novel robust inhibition-augmented curvilinear operator, named RUSTICO, has been proposed.

In the visual system of the brain there are also simple cells that exhibit NCRF inhibition, whose responses rely on the
preferred stimuli in their excitatory regions but also on stimuli that lie in the surroundings of their receptive fields [24]. In
the current context it means that the response to an oriented stimulus, such as a line, can be influenced by the presence
of similar stimuli in its neighbourhood. This can manifest itself by a decreased response to a contour in the presence of
surrounding texture [25]. The source of this mechanism and specifically whether it has an intracortical origin, however,
remains a matter of debate [26].

The phenomenon of surround suppression has already been modeled and used for contour detection. In [27,28], the
authors added a computational step of surround suppression to the Canny edge detector and to a Gabor-based contour op-
erator. Their resulting operators responded strongly to isolated lines and edges, region boundaries and object contours, and
exhibited weaker or no responses to texture. Fig. 3 illustrates a sketch of the non-classical receptive field of that model. The
response of an edge detector that operates inside the white surface area is suppressed by the responses of the edge de-
tectors operating in the surrounding gray surface area. In [29], another contour detection model with surround suppression
was proposed. It contains a butterfly-shaped surrounding area for the inhibition component, and only one side sub-region
that produces less inhibition contributes to the response of the operator.

The contribution of this work is three-fold. First, we propose a novel operator for contour detection that combines push-
pull inhibition and surround suppression. The proposed model takes as input the response of a push-pull CORF model of a
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Fig. 3. The inner surface area with radius r; can be considered as the receptive field or support of an edge detection operator. The surround suppression
originates from the outer gray surface area with inner radius r; and outer radius r,. Adapted from Grigorescu et al. [28].

simple cell [13], extended with a surround suppression inhibition step [28]. Second, we explore two strategies of surround
suppression. Finally, we evaluate the performance of the proposed operator on the RuG and Berkeley benchmark data sets,
composed of 40 and 500 images of natural scenes, respectively. We demonstrate with statistical analysis that the proposed
operator with push pull inhibition and surround suppression improves the performance significantly.

The paper is organized as follows. In Section 2, we present the CORF model with push-pull inhibition and surround
suppression. In Section 3, we report the experimental results obtained on the RuG and Berkeley data sets. In Section 4, we
discuss the important elements of the model and its performance. Finally, we draw conclusions in Section 5.

2. Methods
2.1. Overview

In Fig. 4 we illustrate the idea that served as basis for designing the proposed operator: we combine the CORF push-pull
inhibition in the inner part with a surround suppression mechanism in the outer part. The model can be considered as the
receptive field of a simple cell in V1: the white surface area of the inner circle acts as the CRF region of this model cell. It
takes as input the response of a CORF model with push-pull inhibition [19]. The outer circle with gray surface corresponds
to the area where isotropic surround suppression is computed. This type of surround suppression means that the edges in
the surrounding area contribute to response suppression of the concerned model cell, irrespective of their orientation.

2.2. Push-pull CORF model

We denote by C, (. ¥) the response of a push-pull CORF model at position (, y). It takes as input the responses of two
CORF models (without inhibition) of the type proposed in [19]. Each afferent CORF model has appropriately aligned center-
surround receptive fields and combines their output with a weighted geometric mean. The parameter o is the outer standard
deviation of the involved DoG functions with center-surround receptive fields. The two afferent CORF models are of opposite
polarity, resulting in an excitatory (push) component and an inhibitory (pull) one. The responses of these components are
combined by first multiplying the pull response with the given k parameter value and then subtract the result from the
push response. The parameter b(b > 0) is used for the inhibitory component in order to produce a receptive field that is
broader than that of the excitatory component. The orientation bandwidth of the pull model increases with an increasing
value of b up to some extent. This property is supported by neurophysiological evidence [30,31].

2.3. Surround suppression

We extend the push-pull CORF model with a term that considers the surrounding area as another source of inhibition to
the point of interest. We denote by DoG, (x, y) a difference-of-Gaussians function:

1 X2 +y? 1 X+ y?
DoGy (%:¥) = 5 e &P (‘2(4y>2> 2 P (‘ 207 ) M
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Fig. 4. The proposed CORF model with push-pull inhibition and surround suppression. The push-pull CORF operator (top) acts as the CRF of the current
model. The surround suppression (bottom) area takes as input the combined responses of many push-pull CORF models in the shaded region.

where the two Gaussian functions are centered (i.e. their means are 0), and where y is the size of the inner Gaussian
function. Moreover, we use the same weighting function wy,(x, y) that was proposed in [27]:

©(DoGy (x.))
[©(DoG, (x. 1),

where ® is the Heaviside function, which we use for rectification, and || - ||; is the L; norm.
For a given location (x, y) in an image a surround suppression term is computed. This term is a weighted sum of the
responses of push-pull CORF models in the suppression surround of the concerned point (Fig. 4).

(2)

wy (x.y) =

2.4. Isotropic surround suppression

We implement a form of surround suppression that does not take into account the orientation of surrounding edges,
called isotropic surround suppression. In this type of suppression, only the distance to these edges is taken into account.
The suppression term s,, ; x5(%, ) is defined as the convolution of the response map of the push-pull CORF model Cq  »(x,
y) with the weighting function wy,(x, y):

Syakb X Y) =YY W, (x =X,y =y)Cqip(X.¥). (3)
X/ y/
We define a contour operator Jy.0.ky kb that takes as input the responses of the push-pull CORF model C, (%, y) and the
isotropic suppression term s, ; i 5(X, ¥) as:

Iy okt ®.¥) = O(Co ety (X ¥) — XSy 5 ki 5 (X, ¥)). (4)

The parameter « (o > 0) indicates the suppression strength that the surround exerts on the push-pull CORF response.
The way we define the operator | allows the flexibility to be used in two ways. When k; = k, and they are both greater
than zero, the same type of CORF models with push-pull inhibition are deployed within and in the surrounding area of
the receptive field. If k; > 0 and k, = 0, the responses of a CORF model with push-pull inhibition in the inner area are
suppressed by the responses of CORF models without push-pull inhibition operating in the surrounding.

2.5. Thinning and hysteresis thresholding

For the binarization of the response of the proposed operator we use the two-step procedure that was proposed in
[32]. First, the edges in the output image are thinned by non-maximum suppression to obtain the ridges. Subsequently,
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hysteresis thresholding is applied to obtain a binary contour map. It requires a high threshold ¢, and a low threshold
which we set to 0.5¢, as suggested in [19]. Hysteresis thresholding is a widely used operation in the image processing
literature concerning contour detection and other applications, and it works as follows. The pixels with values higher
than ¢ are retained and the pixels with values smaller than the low threshold are set to zero. The pixels whose val-
ues are within the low and high thresholds are kept only if they are connected to pixels whose responses are higher
than ¢. The connection is determined through a link of other pixels with values larger than the low threshold. Similar
to other works, in our experiments we vary the value of the high threshold ¢ systematically from 0.1 to 1 in intervals
of 0.1. The selectivity of the operator increases with increasing value of ¢, as it retains only the pixels with the strongest
responses.

3. Experimental evaluation
3.1. Data sets

We tested the proposed contour detection operator on the RuG and Berkeley benchmark data sets. The RuG data set
[27] was introduced for the evaluation of the Gabor function model with NCRF. It consists of 40 natural images of size
512 x 512 pixels. Each image is coupled with a hand drawn ground truth image, which contains only the most important
contours of objects excluding texture and contours that are less sharp.

The Berkeley data set [33] is composed of 500 images (of size 481 x 321 or 321 x 481 pixels) of objects in complex
scenes, that have been manually segmented by five different persons. This data set was mainly developed for the evaluation
of image segmentation, but it has been widely used for developing and benchmarking contour detection algorithms. Fig. 5a
contains examples from these two data sets, while Fig. 5b contains the corresponding hand drawn ground truth binary
images.

3.2. Quantitative performance measure

In order to evaluate the performance of the proposed approach, we compute the Matthews Correlation Coefficient (MCC),
which is a balanced measure of the classification accuracy also in cases where the positive and negative classes have a
very unbalanced cardinality. The MCC has been previously used for performance evaluation of contour detection [13]. It is
computed from the values of the confusion matrix as:

MCC — TP x TN — FP x FN ’ 5)
V(TP +FP)(TP+ FN)(TN + FP)(TN + FN)

where TP and FP stand for the number of true and false positives, and FN and TN stand for the number of true and false
negatives. A TP occurs when the operator detects an edge pixel where the human-drawn ground truth also contains an edge.
An FP occurs when an edge is detected where the ground truth does not contain an edge. A TN means that the operator
does not detect an edge where it should not, i.e. the ground truth also did not contain an edge. An FN occurs when the
operator fails to detect an edge where the ground truth marks an edge pixel.

As the ground truth might not be precise due to inaccuracy introduced by the person providing it, we use an evaluation
method that takes into account near correct edge detection when calculating the MCC [28,34]. Using such tolerance, a
detected edge is considered correct if the corresponding ground truth edge is within a 5 x 5 pixel area around the
detected edge; i.e. at most 2 pixels away. Any given ground truth edge pixel can only be matched with one detected edge
pixel, which leads to every edge pixel in the ground truth to be considered only once.

Since the Berkeley data set includes more than one ground truth per image, we calculate the MCC as a function of the
total number of TPs, FPs, FNs, and TNs with respect to all five ground truth maps. This is based on what was proposed in
[34] for computing the harmonic mean of precision and recall.

An MCC of 1 occurs when the output of the operator perfectly matches the hand drawn ground truth. An MCC of —1
indicates that the contour map of the operator is the inverted image of the hand drawn ground truth. And an MCC of 0
indicates random detection of edges.

3.3. Evaluating model parameters

The model that we propose has five parameters, namely the standard deviation o of the difference-of-Gaussians function
involved in the push-pull CORF model component, the receptive field size factor b of the inhibitory component of the push-
pull CORF model with respect to the excitatory component, the pull strength k of the inhibitory component of the push-
pull CORF model, the inhibition strength o of the surround suppression component, and the inner circle size given by the
standard deviation y of the surround suppression component. The parameters k; and k, indicate whether the surround
suppression is calculated based on a CORF model with or without push-pull inhibition. The outer circle size of the surround
suppression component is fixed at 4 times the inner circle size y as suggested in [28].

For the push-pull CORF model we use the same parameter values (o0 =2.2, 8 =4, k= 1.8) which provided the best
results in [13] on the RuG data set. We experiment with different combinations of values of the new hyperparameters
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(d) PP4SS: ky = 1.8, ks = 0

Fig. 5. (a) Examples of images taken from the RuG (first two images) and the Berkeley (last two images) data sets. (b) The corresponding hand drawn
contour maps. For the Berkeley images the ground truth is rendered as the superimposition of binary ground truth contour maps hand drawn by five
different persons. (c) The contour maps achieved by the CORF model with only push-pull inhibition, and (d) the output by the new push-pull CORF model
with surround suppression.

(¢ and y) of the surround suppression component. In order to avoid deviating from the scope of this work, we do
not strive to determine the best set of all hyperparameters, as our goal is to test the hypothesis that the combination
of both types of inhibition contributes to better contour detection performance than a CORF model with only push-pull
inhibition.

The values considered for the parameters of the surround suppression component are y = {2, 3} and « = {0.5, 1}. These
variations are explored in the case when k; = k; = 1.8 (push-pull in the inner and outer circles of the surround suppression
component), and in the case when k; = 1.8 and k, =0 (push-pull only in the inner circle of the surround suppression
component).
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Fig. 6. Comparison of the median MCC values achieved by the three considered approaches on the RuG data set. The abbreviation PP stands for push-pull
and SS stands for surround suppression. PP+SS refers to the proposed model that uses both push-pull inhibition and surround suppression. The labels in
the x-axis are the names of the images in the RuG data set.

3.4. Results

For each image in the considered data sets, we first compute the thinned response map of a given contour operator and
then we apply hysteresis thresholding by varying the high threshold ¢ between 0.1 and 1 in steps of 0.1. The numbers of
FPs, FNs and TNs increase and the number of TPs decreases with an increasing value of the parameter {. The MCC, therefore,
improves as the ¢ value increases up to the extent where the number of incorrect matches exceeds the number of correct
ones.

We compute the MCC for each threshold value and combination of parameter values. This results in 40 ([2 values of
y] x [2 values of o] x [10 values of ¢]) MCC values computed for each image when using the proposed operator with
surround suppression configured with different sets of parameters. For the model without surround suppression we compute
one MCC value for each threshold, resulting in 10 MCC values per image. In Fig. 6 we show a comparison of the median MCC
values achieved for each image of the RuG data set by the proposed operator with surround suppression, configured to use
push-pull inhibition in the center only (k, = 0) and also in the surround (k; = k;), and by the CORF operator with push-pull
inhibition only (i.e. no surround suppression). Moreover, in Fig. 7 we use box plots to compare the results achieved by the
concerned operators on the same data set.

We achieved similar results on the Berkeley data set of 500 images. The proposed operator with push-pull and surround
suppression outperforms the one without surround suppression in the majority of the cases. In Fig. 8, we show the box
plots of the MCC values of 40 images, for both configurations of the model. The maximum 40 median MCC values achieved
by the configuration (k; = 1.8, k, = 0) were used to select the 40 images indicated in Fig. 8.

Both contour detection models with surround suppression that we propose perform better than the push-pull CORF
model without surround suppression. The last two rows of Fig. 5 show the resulting contour maps of four test images
obtained by the proposed operator. It is evident that the contour maps obtained by the new model have less texture and
more detail of the main objects of interest. We applied a paired-sample t-test to the set of pairs of MCC values that were
achieved by the two models. The new model outperforms the previous model with high statistical significance both on the
RuG data set (k; = ky: t(39) = -10.53, p < 0.001; ky = 0: t(39) = -10.92, p < 0.001) and on the Berkeley data set (k; = k;:
t(499) = -22.86, p < 0.001; k, = 0: t(499) = -14.83, p < 0.001).

4. Discussion

In this paper, we show how the performance to contour detection of the existing push-pull CORF model [13] is sub-
stantially improved by incorporating surround suppression. In our experiments, we demonstrate that this additional step
improves the resulting contour maps, with high statistical significance. The improvement is especially visible in images con-
taining large amounts of texture. For instance, images of animals surrounded by natural landscapes that include grass and
trees experience the largest improvement. In images where there is no or little texture, the improvement is negligible. In
[13], it was shown that a CORF model with push-pull inhibition and without surround suppression outperformed several
established contour detection operators, including Canny, and the Gabor function model with isotropic and anisotropic inhi-
bition.

We carried out experiments with two strategies of surround suppression: one where the surround is characterized by
CORF models without push-pull inhibition (k, = 0) and the other where the surround is characterized by CORF models
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Fig. 7. Box plots of the performance of the new operator against the push-pull CORF model without surround suppression on the RuG data set. The
distribution of scores for all possible parameter combinations of an operator are represented in one box plot per image. The values of the PP only model
(blue) are the same for the top and bottom plots. The red box plots are generated from the results obtained by the proposed operator used in two
ways: (top) k; = k; = 1.8 and (bottom) k; = 1.8 and k, = 0. The shaded column indicates the instance where the PP only model performs better than the
proposed model. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

with push-pull inhibition (k; = k, = 1.8). For the RuG data set of 40 images both strategies achieved comparable statistical
significance when compared to the operator without surround suppression, and for the Berkeley data set of 500 images, the
latter approach achieved the best performance.

In images where there is a substantial amount of texture in the background - like the images in the RuG data set -
are better processed by the proposed model when k, = 0. This happens because a denser response map is subtracted from
the excitatory one, when no push-pull inhibition is used in the surround. The result is higher suppression of texture and
therefore better quality of the final contour map. The reason why the three images, namely goat, gazelle_2, and bear_6 of
the RuG data set, are better processed when k; = k, is due to the scale of the afferent difference-of-Gaussians functions. In
our experiments, we used the set of hyperparameters, including o = 2.2, that contributed to the best performance in [13].
When evaluating with a set of scale values (o € {15, 2.2, 2.9, 3.5}) the median MCC values obtained with k, =0 are all
better than those obtained with k; = k, = 1.8. We do not elaborate further on this aspect as the scope of this work is to
test the hypothesis that adding surround suppression to push-pull inhibition results in a contour detection operator that is,
in general, more effective than that of using push-pull inhibition only. The results of our experiments verify this hypothesis
with high statistical significance (p < 0.001).

With the rise of deep learning including convolutional neural networks (ConvNets), contour detection has advanced quite
substantially in the past few years. The best performing contour detection algorithms that used the Berkeley data set to
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Fig. 8. Box plots of the performance of the new operator against the push-pull CORF model without surround suppression on 40 images from the Berkeley
data set. The values of the PP only model (blue) are the same for the top and bottom plots. The red box plots are generated from the results obtained by
the proposed model used in two ways: (top) k; = 1.8 and k, = 0 and (bottom) k; = k, = 1.8. The labels on the x-axis are the filenames of the respective
images. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

evaluate their performance are all based on ConvNets and have been approaching human performance [35-42] with top
performers exceeding an F-score of 0.8 for both the Optimal Dataset Scale (ODS) and the Optimal Image Scale (OIS) mea-
surements on the Berkeley test set of 200 images. ConvNets have proven to be a powerful tool in various computer vision
applications and they are based on learning hundreds or thousands of linear filters that minimize the error on the training
data while preventing over-fitting.

The proposed operator is based on a single, nonlinear and local filter. It is inspired by two inhibition phenomena of the
visual system of the brain and is aimed to give another point of view on how more effective filters can be designed and
applied for contour detection in an unsupervised way. Such an approach belongs to a different research field than that of
ConvNets. Our approach belongs to the field of brain-inspired vision operators, which overlaps with computational visual
neuroscience, whose aim is to model certain properties of visual neurons. These two approaches, although they can be
applied to similar problems, cannot be compared as ConvNets are implemented as full pipelines with abundant learnable
feature extractors coupled with a classification model, while the other family of approaches, where ours belongs to, rely on
single and local filters. The scope of our work is to demonstrate that the addition of the biological phenomenon of surround
suppression to push-pull inhibition results in a much more effective operator than when using only push-pull inhibition. We
hope that our results give new insights to the community concerned with ConvNets to investigate the embedding of our
novel operator in deep architectures. For instance, in the convolutional layers, next to each simple filter, one may explore
adding a pair of a push-pull and a surround suppression filters, which operate within and in the surrounding of the receptive
field of the simple filter, respectively. The response maps from the convolutional layers may then be obtained by the function
that we propose in this work. We speculate that the introduction of such inhibition filters will improve the generalization
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of ConvNets to the different types of noise introduced by the degradation of visual sensors or by changing other conditions
(e.g. lighting) that were not represented in the training data. We aim to investigate this approach in future work. In [43],
the authors already showed the benefits of adding only the push-pull component in CNN architectures.

In [13], it was shown that a CORF contour detection operator with only push-pull inhibition outperformed various other
single-filter-based operators including Canny, Gabor, Gabor with isotropic and anisotropic suppression, and CORF without
inhibition. We demonstrate how the new operator that combines push-pull inhibition and surround suppression outperforms
(with high statistical significance) the previous CORF operator with push-pull inhibition only. To the best of our knowledge
these are the best results ever achieved with a single-filter-based operator on the grayscale converted images of the two
concerned benchmark data sets.

As to real-world applications are concerned, many decisions are motivated by cost-benefit analysis. In applications where
the collection of training data, though expensive, significantly contributes to an improvement in performance, supervised ap-
proaches (e.g. ConvNets) are more appropriate. This is due to their powerful mechanism of learning mapping functions from
training data to a desired output. As to generalization, an extensive comparison analysis would be required to investigate
the effect of the number of layers and sparsity, for instance, of ConvNets in applications with different conditions and to
different types of adversarial attacks. It has already been reported [44] that highly sophisticated ConvNet architectures tend
to have less generalization abilities than ones with fewer number of layers. Moreover, real-world vision-based applications,
such as visual quality inspection, use visual sensors whose performance may experience degradation over time. Such degra-
dation usually results in different types of noise in the generated images, which may not be immediately visible to the naked
eye. ConvNets that are trained on clean images (without noise) may not be robust to images tampered with perturbations
[44].

In future work we also aim to investigate the addition of surround suppression in the segmentation of vessel-like struc-
tures in 2D and 3D images, such as CT and OCT scans, as well as other applications that rely or use contour detection, such
as the ones addressed in [45-50].

As to computational time, on a processor of 2.6GHz Intel Core i7, images of size 321 x 481 pixels took an average
of 0.42s. Since the scope of our work was about the effectiveness of the proposed method rather than its efficiency, the
proposed operator was implemented in a sequential model and we did not exploit its highly parallelizable components. In
future work, we aim to investigate the best way of implementing this approach on graphical processing units in order to
make it appropriate for (near) real-time processing.

5. Conclusions
The contour detection model that we propose is inspired by the phenomena of push-pull inhibition and non-classical
receptive fields that occur in many simple cells of visual cortex. The additional computational step of surround suppression

in non-classical receptive fields results in a CORF model that is much more effective in suppressing texture, and as a result
produces better (with high statistical significance) contour maps of objects within natural scenes.
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