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Robust Inhibition-Augmented Operator for
Delineation of Curvilinear Structures

Nicola Strisciuglio , George Azzopardi , and Nicolai Petkov

Abstract— Delineation of curvilinear structures in images is
an important basic step of several image processing applications,
such as segmentation of roads or rivers in aerial images, vessels
or staining membranes in medical images, and cracks in pave-
ments and roads, among others. Existing methods suffer from
insufficient robustness to noise. In this paper, we propose a novel
operator for the detection of curvilinear structures in images,
which we demonstrate to be robust to various types of noise
and effective in several applications. We call it RUSTICO, which
stands for RobUST Inhibition-augmented Curvilinear Operator.
It is inspired by the push–pull inhibition in visual cortex and
takes as input the responses of two trainable B-COSFIRE
filters of opposite polarity. The output of RUSTICO consists
of a magnitude map and an orientation map. We carried out
experiments on a data set of synthetic stimuli with noise drawn
from different distributions, as well as on several benchmark
data sets of retinal fundus images, crack pavements, and aerial
images and a new data set of rose bushes used for automatic
gardening. We evaluated the performance of RUSTICO by a
metric that considers the structural properties of line networks
(connectivity, area, and length) and demonstrated that RUSTICO
outperforms many existing methods with high statistical signifi-
cance. RUSTICO exhibits high robustness to noise and texture.

Index Terms— Curvilinear structures, delineation, non-linear
filtering, noise inhibition, orientation map.

I. INTRODUCTION

THE automatic detection of curvilinear and elongated
patterns in images is an important step in many image

processing applications: segmentation of rivers and roads in
aerial images [1] (Fig. 1a), cracks in walls and roads [2]
(Fig. 1b), palm-print lines for biometric applications (Fig. 1c),
staining cell membranes [3], and blood vessels in computer-
tomography [4] images (Fig. 1e and Fig. 1f, respectively),
among others. A novel application in the field of gardening
robotics requires the localization and segmentation of rose
stems and branches with the purpose of automated cutting
by using a vision-servoed robotic arm. The detection of
branches in rose buds is challenging due to the highly textured
appearance of gardens (Fig. 1d). In all mentioned applications,
one of the main problems is the design of robust algorithms
for the detection and segmentation of elongated patterns
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Fig. 1. Example images where delineation of curvilinear structures is
important: (a) an aerial image of a countryside area for extraction of road
networks, (b) a road surface image for detection of cracks, (c) a palm-print
scan for biometric applications, (d) a rose bush for detection of branches,
(e) a microscopy image for the segmentation of staining-cell membrane, and
(f) a CT scan of the brain for the delineation of blood vessels.

(i.e. lines and bars) with certain appearance properties, such
as color, thickness and tortuosity surrounded by a highly
noisy background. In this work, we use the term ‘noise’ to
indicate spurious signals introduced by textures present in the
background around the patterns of interest.

State-of-the-art approaches for the delineation of curvilinear
patterns in images were recently surveyed in [5]. Existing
methods are based on different techniques ranging from para-
metric to point processes and machine learning approaches,
as well as region growing, filtering and mathematical mor-
phology. We review these methods in the following of the
section. The Hough transform is a well-known parametric
method, which projects an input image into a parameter space
where line segments can be better detected. It is based on
mathematical modeling of the patterns of interest (for lines
two parameters are used, namely the slope and the bias of a
straight line). In order to detect other types of pattern, such as
circles or lines of certain curvatures, different mathematical
models have to be provided to the transform operator. This
approach requires a-priori knowledge about the shape of the
patterns of interest and it is not suitable to detect curvilinear
structures of arbitrary shapes.

Methods that employ point processes were proposed to
segment line networks, with a particular focus to aerial
images, by tracking elongated patterns with the use of complex
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mathematical models. In [6], line networks are considered
as a set of interacting line segments and reconstructed
with point processes. Combinations of point processes with
Monte-Carlo simulation and Gibbs models were proposed
in [7] and [8], respectively. The accuracy of segmentation was
further improved by combining point processes with graph-
based representations in [9] and [10]. A method that employs
a graph-based representation, which takes into account the
topology of the line-networks was proposed in [11]. These
methods have high computational complexity and are not
suitable for real-time applications or for processing of high
resolution images.

Machine learning techniques have also been used to con-
struct methods for classification of image pixels as belonging
or not belonging to curvilinear structures. Multi-scale Gaussian
and Gabor wavelet features were used to form pixel-wise
feature vectors in combination with a k-NN and a Bayesian
classifiers in [12] and [13], respectively. In [14], a feature
vector was formed with the responses of a bank of ridge
detectors. A line operator was introduced in [15] and used
to extract features and form vectors that are fed to a Sup-
port Vector Machine (SVM) classifier. In [16], the authors
computed moment-invariant features and applied a multilayer
neural network to perform pixel-wise classification of input
images. More recent approaches employ deep convolutional
neural networks (CNNs) to learn effective features directly
from training data. Various architectures from segmentation
of images have been proposed, with application to medical
data, namely U-net [17], or urban environments, namely Seg-
Net [18]. Edge detection has also received the interest of the
CNN research community and various architectures were pro-
posed, such as Holistically-nested Edge Detection (HED) [19],
DeepContour [20] and Deep Crisp Boundaries [21]. Although
achieving high accuracies, these methods require intensive
training procedures on large amount of labeled data to learn
effective models of the patterns of interest. In that respect,
obtaining pixel-wise labeling of images of line networks is
usually a time consuming and expensive process. Moreover,
the resulting classification models may not be easily transfer-
able to other applications where training data is not readily
available.

Approaches based on filtering or mathematical morphol-
ogy techniques were proposed as more practical and simple
solutions for the delineation of curvilinear patterns in images.
Some of these methods use local derivatives in multi-scale
analysis also in 3D images [22]–[24] or model the profile
of elongated patterns by means of two-dimensional Gaussian
kernels, called matched filters [25], [26]. Other methods use
mathematical morphology and a-priori knowledge about the
structure of the line networks [27], [28]. A region growing
procedure that combines information about the size, width and
orientation of lines was introduced in [29], while a method
based on line-concavity analysis was proposed in [30]. In [31],
the authors combine an infinite active contour model with
intensity information and local phase based enhancement map
to improve segmentation performance while preserving vessel
edges. In previous works [32]–[34], we introduced trainable
filters selective for lines and line-endings and showed that

effective delineation of elongated patterns can be obtained by
combining their responses. Recently, a method for curvilinear
structure analysis based on ranking the orientation responses
of morphological path operators, called RORPO, was proposed
for 2D [35] and 3D images [36]. Filters based on orientation
scores, which are 3-dimensional functions in the domains of
position and orientation, were proposed in [37].

In this paper, we propose a novel operator for the delineation
of curvilinear structures in images. We named it RUSTICO,
which stands for RobUST Inhibition-augmented Curvilinear
Operator. Its design is based on top of the B-COSFIRE
filters [32], which we augmented with a neuro-physiological
mechanism of push-pull inhibition, exhibited by some neurons
in the visual system (see Section II). RUSTICO is a filtering-
based approach for delineation of curvilinear structure, but
differs from methods of the same category on several aspects.
It is embedded with a brain-inspired push-pull inhibition
component that improves the robustness of the detection of
curvilinear patterns to various types of noise and spurious
texture. The inhibition component is independent of the spe-
cific type of noise present in the image, thus not requiring
an external denoising technique that makes a hypothesis on
the model of the noise. Furthermore, RUSTICO is trainable.
Its selectivity for patterns of interest is, indeed, not pre-fixed
in the implementation as happens in other existing approaches,
but it is automatically determined by a configuration process
performed on a prototype example. This aspect provides
flexibility and applicability of the proposed filtering framework
for the detection of different patterns of interest without the
need of creating mathematical models or designing specific
filter kernels or structuring elements.

We demonstrate the effectiveness of the proposed method on
benchmark data sets of images taken with different modalities
and for different applications: detection of roads and rivers in
aerial images, delineation of cracks in roads, segmentation of
rose stems in gardens and segmentation of vessels in retinal
images. It is worth pointing out that obtaining ground truth
images for the delineation of curvilinear patterns in real images
is a time-consuming and expensive process, thus limiting
the size of real image data sets. Furthermore, we study the
robustness of RUSTICO with respect to different kinds and
levels of image noise and to patterns with high curvature points
by experimenting on synthetic data that we created.

II. RATIONALE AND CONTRIBUTIONS

For the design of RUSTICO, we took inspiration from the
push-pull inhibition phenomenon that is exhibited by some
neurons in area V1 of the visual cortex. Such a neuron is
excited by a stimulus of preferred orientation and contrast,
while a stimulus with the same orientation and opposite
contrast suppresses its response. There is neurophysiological
evidence that neurons that present this kind of inhibition have
better selectivity to elongated structures [38]. In this work,
we combine the results of neurophysiology research with
image processing techniques to design a novel operator, called
RUSTICO, that is robust to noisy and textured stimuli.

The fundamental idea behind the formulation of RUSTICO
is to employ an inhibition mechanism to suppress the
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responses caused by image noise and texture. RUSTICO
consists of two main components, namely an excitatory part,
based on the framework of the B-COSFIRE filter, and a novel
inhibitory component. The excitatory component is selective
for bright lines on dark background, while the inhibitory coun-
terpart is selective for wider dark lines on bright background.
They are composed of the same number of sub-units (i.e. basic
filters): each excitatory unit has an inhibitory counterpart, usu-
ally of larger size, whose areas of support overlap each other.
The push-pull inhibition phenomenon is extensively described
in the neuro-physiology research literature [39], [40].

The type of inhibition included in RUSTICO, referred to as
push-pull, is known to occur in certain neurons of area V1
and differs from other inhibition mechanisms exhibited by
neurons in subsequent areas of the visual system. As we
demonstrate in Section IV, this configuration allows the sup-
pression of noise along curvilinear structures. Another form
of inhibition, which is exhibited by shape-selective neurons
in area TEO [41], involves neurons whose receptive fields
(in image processing terminology a filter represents a neuron
and area of support represents the receptive field of the neuron)
do not overlap each other. That type of inhibition allows to
discriminate between patterns that are parts of others; e.g. the
letter F is part of the letter E. A computational model for this
phenomenon was implemented in [42], [43]. The two types of
inhibition serve different purposes: push-pull inhibition that we
implement in RUSTICO serves to suppress noise, while the
other serves to distinguish better between patterns of interest.

The response of RUSTICO is computed by first multiplying
the inhibitory response with a weighting factor and then
subtracting the result from the excitatory response. Its output
consists of a) a magnitude map that provides localization and
intensity of curvilinear patterns and b) an orientation map that
gives an estimate of the orientation of curvilinear structures at
each pixel.

The main contributions of this work are: a) a new RUSTICO
algorithm for detection of curvilinear patterns that is robust to
noise and texture, b) application examples in image processing
pipelines for the analysis of images with different characteris-
tics, c) an extended experimental study on various benchmark
data sets of the performance of RUSTICO and the effect of
push-pull inhibition for the delineation of curvilinear struc-
tures, d) and the release of a new labeled data set of garden
images for testing rose stem detection algorithms.

III. METHOD

A. General Framework

The proposed operator is based on the framework of
the existing B-COSFIRE filters. The response map of a
B-COSFIRE filter is computed by combining the responses
of a Difference-of-Gaussians (DoG) filter at certain positions
with respect to its support center. The positions at which the
DoG responses are taken are determined by an automatic
configuration process performed on a prototype pattern of
interest. Their mutual spatial arrangement determines the
selectivity of the B-COSFIRE filter. Subsequently, the resulting
B-COSFIRE filter can be applied in new images to detect

Fig. 2. Example of the configuration of a B-COSFIRE filter. (a) A line of
length l and width w is used as a prototype pattern. (b) The position of local
DoG maxima along concentric circles of increasing radii in steps of η pixels
are considered to configure the B-COSFIRE model of the line in (a).

curvilinear structures. The B-COSFIRE filter approach is thus
composed of two stages: configuration and application.

1) Configuration: Given a prototype pattern, such as a
synthetic bar of width w and length l (Fig. 2a), we extract
a representation of such pattern by an automatic configuration
process. We first detect changes of contrast by using a DoG
filter, which is formally defined as:

DoGσ (x, y) = 1

2π(0.5σ)2
e
− x2+y2

2(0.5σ)2 − 1

2πσ 2 e− x2+y2

2σ2 (1)

where the standard deviation of the outer Gaussian function
is σ = w/1.92 [44], and (x, y) are the image coordinates.
The DoG function has been accepted as a computational
model of LGN cells in the visual system that respond to
contrast changes [45], [46]. Motivated by neuro-physiological
studies, we choose the standard deviation of the inner Gaussian
function of the DoG filter equal to 0.5σ [47].

After choosing a reference point in the prototype pattern
(point ‘1� in Fig. 2b), we consider a number of concentric
circles (of increasing radii in steps of η pixels) around that
point and consider the positions of the local DoG maxima
along those circles (Fig. 2b). We represent each such position i
with a 4-tuple (δi , σi , ρi , φi ), where δi ∈ {−1, 1} indicates
the polarity of the DoG filter (−1 represents center-off and
+1 represents center-on), σi is the standard deviation of its
outer Gaussian function, ρi and φi are the polar coordinates
of the considered point with respect to the reference point.
We define the set of the selected DoG responses for a line
prototype pattern of width w and preferred length l, like the
one in Fig. 2a, as:

B = {(δi , σi = w/1.92, ρi , φi )}, i = 0, . . . , �l/η� + 1. (2)

2) Application: In the application phase, the response
rB(x, y) of a B-COSFIRE filter B is computed in five steps,
namely convolve-ReLU-blur-shift-combine. In the first four
steps we compute intermediate feature maps, which we fuse
into one output map in the final step.

We first convolve an input image I with the DoG ker-
nel DoGσi , followed by a rectifier linear unit (ReLU) denoted
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by |·|+, and define the resulting feature map Ci (x, y) as:

Ci (x, y) =
������
�
x �∈�

�
y�∈�

I (x, y)DoGσi (x −x �, y−y �)

������
+

(3)

where � = [−3σi , 3σi ] indicates the size of the DoG
kernel. Because we use only one DoG filter to configure a
B-COSFIRE filter the σi in all tuples are the same. In practice
we only apply one convolution of the input image with the
concerned DoG filter and share the resulting response map
among the subsequent operations required for each tuple.

Next, in order to account for some tolerance to deformations
of the prototype pattern, we blur the DoG responses. The blur
consists in a dilation of the image with a Gaussian structuring
element whose standard deviation σ �

i is a function of the
distance ρi from the support center of the filter: σ �

i = σ0+αρi .
The parameters σ0 and α regulate the tolerance to deformation
of the concerned DoG positions.

We then shift each blurred feature map Ci (x, y) by a
distance ρi opposite to φi . In this way all blurred responses
at the points of interest meet at the support center of the
B-COSFIRE filter. For the i -th tuple, we obtain a blurred and
shifted feature map si (x, y), defined as:
si (x, y) � max

(x �,y�)∈
i

{Ci (x −x �+�x, y − y �+�y) Gσ �
i
(x �, y �)}

(4)

where 
i = [−3σ �
i , 3σ �

i ] × [−3σ �
i , 3σ �

i ] is the size of the
Gaussian structuring element, and (�x,�y) = (ρi cosφi ,
−ρi sin φi ) is the shift vector of the i -th blurred feature map
with respect to the support center of the filter.

Finally, we compute the response of a B-COSFIRE filter by
combining the blurred and shifted feature maps by geometric
mean:

rB(x, y) =
⎡
⎣ |B|�

i=1

si (x, y)

⎤
⎦

1/|B|
(5)

B. RUSTICO
The proposed operator uses as input the responses of

B-COSFIRE filters, with the addition of a novel inhibitory
component. This component involves using DoG filters with
opposite polarity (i.e. −δi ) to the excitatory ones and when
combined together provide inhibitory input to RUSTICO. With
this type of inhibition, areas dominated by noise evoke very
similar excitatory and inhibitory responses that cancel each
other. We denote by B̂λ the novel inhibitory component and
obtain it by manipulating the parameters of the excitatory
component B , as follows:

B̂λ � {(−δ, λσi , ρi , φ), ∀(δ, σi , ρi , φi ) ∈ B} (6)

The two components differ in two main aspects. They have
tuples with opposite polarities and the sizes of the contributing
DoG filters in the inhibitory part B̂λ are multiples of a given λ
value (λ > 0) with respect to their corresponding DoG filters
in the excitatory part.

We define RUSTICO as a pair Pλ(B, B̂λ) of excitatory
and inhibitory components that take input from DoG filters

Fig. 3. Augmented view of the structure of the proposed RUSTICO applied to
an image of a bright line on dark background. The concentric circles represent
the input DoG filters. The set B̂λ groups the DoG filters of the inhibitory
component (center-off), whose sizes are λ times larger than those of their
excitatory (center-on) counterparts in the set B . The output of RUSTICO is
computed by subtracting the inhibitory response weighted by a given weight ξ ,
from the excitatory response.

of opposite polarity. We compute its response rPλ (x, y) by
subtracting a factor ξ of the inhibitory response rB̂λ

(x, y) from
the excitatory one, followed by a ReLU operation:

rPλ (x, y) =
���rB(x, y)− ξrB̂λ

(x, y)
���+ (7)

where the parameter ξ > 0 is the inhibition strength, which
controls how much of the excitatory response is suppressed.

In Fig. 3, we illustrate a layered sketch of the struc-
ture of RUSTICO along with a preferred synthetic pattern
with a bright line surrounded by dark background. The
excitatory component B is composed of a set of center-on
DoG filters. The inhibitory component B̂λ is composed of
center-off DoG filters with supports that are λ times bigger
than those of their excitatory counterparts. We compute the
RUSTICO response by combining the intermediate excitatory
and inhibitory response maps by a linear function rPλ (x, y).

C. Motivation of the λ and ξ Parameters
There is neurophysiological evidence that many simple cells

that exhibit push-pull behavior have the orientation bandwidth
of the inhibitory (pull) interneuron broader than that of the
excitatory (push) neuron [39], [48]. We implement this phe-
nomenon by employing DoG functions with larger supports
in the pull unit. The orientation bandwidth of the pull unit
increases with an increasing value of the parameter λ. This
implementation allows the design of RUSTICO that achieves
the same response maps to the noiseless pattern (Fig. 4a) when
applied with and without inhibition. In Fig. 4b we show the
response map of the excitatory component of RUSTICO to the
stimulus in Fig. 4a. In the second row, we show the response
maps of the inhibitory component configured with different
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Fig. 4. Behavior of the push and pull units to (a) a synthetic input pattern of
size 50×50 pixels with a vertical bar of width 5 pixels. (b) The push responses
and (c-f) the pull responses with different values of λ and ξ . (g-j) The response
profiles along the central horizontal axis of both push (solid lines) and pull
(dashed lines) units. For small values of λ the pull and push responses overlap
along the pattern of interest. The pull response profile in (j) is multiplied
by ξ = 4.

values of the parameters λ and ξ , while the third row illustrates
the 1-D profiles of the excitatory and inhibitory responses
along the central horizontal row.

In the concerned example, when λ=1, the pull component
responds also along the internal sides of the signal and as a
result it, undesirably, suppresses the push response (Fig. 4c,g).
When λ = 2, the inhibitory response is much less prominent
along the sides of the concerned stimulus (Fig. 4d,h) and when
we set λ = 3 the push and pull responses do not overlap each
other, Fig. 4(e,i), thus achieving the desired property.

In Fig. 4(g-i), we can observe that, while the desired
property is achieved by using a larger standard deviation for
the inhibitory component, the inhibitory responses decrease
with an increasing standard deviation. We use the inhibition
factor ξ to compensate for this effect. The response profile
in Fig. 4j shows how we can amplify the pull responses by
multiplying them with a high value of ξ , while avoiding any
overlap with the push responses. The values of the parameters
λ and ξ depend on the application at hand and the amount of
noise contained in the images.

D. Intensity and Orientation Maps
The operator that we configured above is selective for

vertical vessel-like structures, similar to the prototype used
in Fig. 2a. Orientation selectivity can be controlled by manipu-
lating the angular parameter values φi . For a given orientation
ψ we can define a new RUSTICO Pψλ (B

ψ, B̂ψλ ) where the
excitatory Bψ and inhibitory B̂ψλ inputs are defined as:

Bψ = {(δ, σi , ρi , φi + ψ),∀ (δ, σi , ρi , φi ) ∈ B} (8)

B̂ψλ = {(−δ, λσi , ρi , φi + ψ),∀(−δ, λσi , ρi , φi ) ∈ B̂λ} (9)

Given a set � = { 2π
nφ

i | i = 1, . . . , nφ − 1} of nφ preferred
orientations, we define a rotation-tolerant RUSTICO as a set
P�λ = {(Bψi , B̂ψi

λ ) | ψi ∈ �}, where each pair (Bψi , B̂ψi
λ ) is

a RUSTICO with orientation preference ψi .
The response of a rotation-tolerant RUSTICO consists of an

intensity map R̂ I
�

λ (x, y) and an orientation map ˆRO
�

λ (x, y),
which we define as follows:
R̂ I

�

λ (x, y)

� max
ψ∈�

	|rBψi (x, y)− ξr
B̂
ψi
λ

(x, y)|+

(10)

ˆRO
�
λ (x, y)

�

⎧⎨
⎩

argmax
ψ∈�

	|rBψi (x, y)−ξr
B̂
ψi
λ

(x, y)|+

, R̂ I

�
λ (x, y)>0

NaN otherwise

(11)

The intensity map R̂ I
�
λ indicates the curvilinearity degree

of each pixel in the given image, while the orientation map
ˆRO
�

λ represents their discretized orientations. For each loca-
tion whose intensity value is zero we assign to it a not a
number (NaN) value in the orientation map.

IV. ROBUSTNESS TO NOISE AND CURVATURES

In this section, we report the results that we achieved by
comparing the performance of RUSTICO with that of the
B-COSFIRE filter on synthetic images only. The purpose
of this analysis is to study, under controlled conditions,
the contribution of the proposed inhibitory component to the
improvement of delineation results when noise of different
types and levels or high curvature points are present in the
images. For results on benchmark data sets of real-world
images and comparison with existing methods, we refer the
reader to Section VI.

A. Synthetic Lines With Added Noise

We created a synthetic data set of vertical line images
of size 50 × 50 pixels with four types of noise, namely
Gaussian, Rician, Poisson and bandlimited. The former three
types of noise are typically found in medical images, such
X-rays, magnetic resonance and retinal fundus, or introduced
by camera sensors, while bandlimited noise has been shown
to suppress visual perception of stimuli [49].

For Gaussian and Rician noise we generate stimuli with
10 values of standard deviation that vary from 0.1 to 1 in
steps of 0.1. Poisson noise is a function of the intensity
pixels and valid Poisson distributions can be generated with
mean (i.e. intensity value) > 0. For these experiments we
change the contrast between the line signal and the background
such that the background pixels are not zeros. We consider
five levels of contrasts (0.031, 0.063, 0.125, 0.25, 0.5), where
each contrast value indicates the background intensity. For
the bandlimited noise experiments we first generate noisy
stimuli with 10 frequencies between 1 and 10 in steps of 1
and add the line signal in the center with five contrast levels
(0.031, 0.063, 0.125, 0.25, 0.5).
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Fig. 5. Evaluation of RUSTICO without (ξ = 0) and with (ξ = 3) push-pull (PP) inhibition on synthetic images with different types of noise: (a) Gaussian,
(b) Rician, (c) Poisson and (d) bandlimited. The signal-to-noise ratio (snr) of the response maps achieved by RUSTICO with inhibition is consistently better
than the excitatory-only RUSTICO. The parameters σG and σR are the standard deviations of Gaussian and Rician noise, respectively. The parameter C in
(c) and (d) indicates the contrast between the stimulus and the background. The parameter F in (d) represents the frequency of the bandlimited noise.

Fig. 6. Performance of RUSTICO with (ξ = 3, λ = 1) and without (ξ = 0) push-pull (PP) inhibition on line stimuli with four different types of noise:
(a) Gaussian, (b) Rician, (c) Poisson and (d) bandlimited. The parameter c in (d) indicates the contrast between the line and the background.

For each noisy image we apply RUSTICO with (ξ > 0)
and without (ξ = 0) inhibition, and compute the signal-to-
noise ratio (snr) on both output images as:

snr = 20 log10(AS/AB) (12)

where AS is the mean response along the line pattern and AB

is the mean response in the background.
In order to compensate for the randomness of noise, we gen-

erate 20 noisy stimuli with the same parameters and take
the mean snr of the resulting output images. In Fig. 5,
we show some examples from the created synthetic data
set. The output images generated by RUSTICO with push-
pull inhibition exhibit consistent improvement of snr . Fig. 6

illustrates this significant improvement over varying values of
the involved parameters for each type of added noise.

B. Synthetic Dashed and Curved Patterns With Noise

We studied the robustness of RUSTICO with respect to lines
with high curvature degree and to occlusions (e.g. dashed
lines) when the four types of noise mentioned above are
present in the images. For each image in the first row of
Fig. 7, we apply RUSTICO with and without inhibition and
illustrate the best resulting binary maps according to the CAL
measurement (for details on the CAL metric, please refer
to Section VI-B). Also in these experiments, the inhibitory
component introduced in RUSTICO makes the operator more
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Fig. 7. Evaluation of RUSTICO with push-pull inhibition (λ = 3, ξ = 2) in contrast to the original B-COSFIRE filter with respect to (first row) four
noisy dashed lines with a mix of high and low curvatures. The second and third rows show the resulting binary maps with the highest CAL values (see
Section VI-B for details about the CAL metric). In the fourth row, we compare a detail (zoomed-in views of the enframed areas in the second and third row)
of the segmentation obtained with and without the push-pull inhibition component. In all cases, the inhibition improves the robustness to noise and preserves
better the smoothness in high-curvature points.

robust to noise and preserves better the smoothness of the
lines in points of high curvature. In the fourth row of Fig. 7,
we include the zoomed-in views of the enframed areas in
the images given in the second and third row. These images
show the same of the response map of the B-COSFIRE filter
and RUSTICO around a point of high curvature in presence
of noise. In all cases, RUSTICO with a push-pull inhibitory
component achieves much better results in such salient points
than without inhibition. RUSTICO is also more robust to the
ending parts of the synthetic patterns.

V. DATA

We investigate the effectiveness of RUSTICO in various
applications, namely segmentation of rivers and roads from
aerial images, delineation of blood vessels in retinal images,
detection of rose stems for gardening robotics, and pavement
crack detection. We carried out experiments on several bench-
mark data sets, for which we provide details below.

A. Aerial Road and River Images
We consider two aerial images of a road network and a

river released in [8], of size 894 × 650 and 364 × 320 pixels,
respectively. The images contain noise and artifacts, which

make the segmentation process very challenging. Ground truth
images are provided in the form of binary maps.

B. Retinal Fundus Images
We used the following four data sets: STARE [25],

DRIVE [14], CHASE_DB1 [50] and HRF [51].
The STARE data set is composed of 20 images (of size

700 × 605 pixels), half of which contain signs of pathology.
All images are accompanied by manually segmented images
of the vessel trees provided by two observers.

The DRIVE data set contains 40 images, divided
in 20 images for training and 20 for testing (of size 768 ×
584 pixels). Each image is distributed together with a mask
of the field of view (FOV) of the retina. The images in the
training set were manually segmented by a single observer,
while those in the test set were segmented by two observers.

The CHASE_DB1 data set contains 28 images (of size
999×960 pixels) from both eyes of 14 patients in the program
“Child Heart And Health Study in England”. Each image was
manually segmented by two observers.

For the STARE, DRIVE and CHASE_DB1 data sets, we use
the ground truth of the first observer as gold standard.

The HRF data set contains 45 images with a resolution of
3504 × 2336 pixels, which is substantially higher than the
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images of the other data sets. It is composed of three sets
of 15 images collected from healthy people, patients with
glaucoma and with diabetic retinopathy. Each image has one
manually segmented ground truth of the vessel tree.

C. Rose Stems
We created a data set of 35 images of rose bushes, named

TB-roses35, for which we provide binary maps with manually
segmented rose stems that serve as ground truth. The data
set is publicly available.1 Analysis of this kind of images is
important, for instance, for automatic detection and segmen-
tation of rose stems, which is a basic step for applications
of visual-servoed robotics for plant cutting. The images are of
size 720 × 540 pixels and were recorded in the test garden of
the EU TrimBot2020 project [52] at Wageningen University
and Research campus. This data set contributes to extending
the benchmark of delineation and segmentation algorithms
and their performance analysis to outdoor and highly textured
environments (e.g. gardens).

D. Pavement Cracks
We carried out experiments on three data sets of pavement

cracks, namely the Crack_pv14 [53], the Crack_ivc [54] and
the CrackTree206 [55]. The Crack_ivc and CrackTree206 data
sets are composed of 5 and 206 RGB images of cracked
asphalt of size 512 ×512 pixels and 800 ×600 pixels, respec-
tively. The Crack_pv14 data set is composed of 14 images
of road cracks taken with a laser range imaging appliance,
mounted on the back of a car [53]. The images have resolutions
of 200 × 300 pixels. The three data sets contain manually
annotated ground truth images, which consist in one-pixel
wide contours that indicate the center-lines of the cracks.

VI. EXPERIMENTAL EVALUATION

A. Experimental Pipelines
We employ RUSTICO in different image processing

pipelines, designed according to the characteristics and
requirements of the applications at hand. In this work we
demonstrate that the proposed method can be effectively com-
bined with other techniques to solve various tasks. We publicly
provide a MATLAB implementation of the employed process-
ing pipelines.

1) Aerial Image Processing: For the problems of segmenta-
tion of rose stems and extraction of roads and rivers from aerial
images, we directly process the input images with RUSTICO
without any preprocessing. We obtain the final binary image
by thresholding the output map of RUSTICO.

2) Retinal Vessel Segmentation: In retinal fundus images,
the highest contrast between vessels and background is in the
green channel of the RGB color space [28]. In order to avoid
false detection of vessels along the border of the retinal field
of view (FOV), we apply an iterative procedure to enlarge
the FOV, by increasing the radius of its outer border. For
further details, we refer the reader to [13]. We then apply
the contrast-limited adaptive histogram equalization (CLAHE)

1The data set is available at the url http://gitlab.com/nicstrisc/RUSTICO

algorithm, which improves the local contrast by avoiding over-
amplification of noise in homogeneous regions. We process the
output of the CLAHE algorithm with RUSTICO and obtain a
binary vessel map by thresholding its response map.

3) Rose Stem and Crack Delineation: We apply the process-
ing pipeline proposed in [56], where we substitute the
B-COSFIRE filter with RUSTICO. We process the RUSTICO
intensity and orientation output maps by thinning, hysteresis
thresholding and morphological closing, in order to obtain the
center-line of the detected cracks.

B. Performance Evaluation

We apply two performance evaluation procedures according
to the requirements of the concerned applications, one for
roads, rivers and blood vessel segmentation, while the other
one for rose stems and crack delineation.

1) Road, Rivers, Blood Vessel Segmentation: We threshold
the responses of RUSTICO and obtain a binary map that
we compare with the corresponding ground truth image.
We compute the Matthews correlation coefficient (MCC),
which is a suitable measurement of the accuracy of binary
classification in the case of unbalanced classes [57]. The MCC
has been widely used for evaluation of image segmentation
algorithms [32], [58], [59]. We chose the MCC as, in the
considered applications, the background (negative) pixels out-
number the foreground (positive) pixels, which produce a bias
effect on the accuracy, specificity and sensitivity. The MCC is
defined as:

MCC = T P/N − S · P√
P · S · (1 − S) · (1 − P)

,

where T P is the number of true positives, F P false positives,
T N true negatives, F N false negatives, N = T N + T P +
F N + F P , S = (T P + F N)/N and P = (T P + F P)/N .

The MCC is computed by comparing the segmentation
output with the corresponding ground truth image in a pixel-to-
pixel manner. This kind of evaluation is strictly dependent on
the specific ground truth provided by a human observer. Fur-
thermore, human observers are not always able to sharply
detect the right position of line boundaries [60], resulting in
different ground truths provided by different observers.

For an extensive evaluation of the quality of segmentation
we employ the assessment metric proposed in [61]. Instead
of performing a pixel-to-pixel comparison, this metric takes
into account certain properties of line networks by computing
three measures of connectivity, area and length. It has been
demonstrated to have high matching degree with human qual-
ity perception and to be robust to ground truth images provided
by different observers. Let IS be the obtained segmented image
and IG the corresponding ground truth image. The considered
metric evaluates:

• Connectivity (C). It measures the fragmentation degree
of IS with respect to the ground truth IG and penalizes
fragmented segmentation. It is defined as:

C(IS , IG ) = 1 − min

�
1,

|#C(IG )− #C(IS)|
#(IG)

�
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where #C(·) counts the connected components, while
#(·) computes the number of foreground pixels in the
considered binary image.

• Area (A). It evaluates the overlapping area between IS

and IG , based on the Jaccard coefficient. Let δε(·) be
a morphological dilation that uses a disc structuring
element with a radius of ε pixels. The measure A is
defined as follows:

A(IS, IG) = # ((δε(IS) ∩ IG ) ∪ (IS ∩ δε(IG)))

# (IG ∪ IS)

The value of ε controls the tolerance to lines of different
widths. We set ε = 2.

• Length (L). It evaluates the matching degree between IS

and IG by measuring the length of the two line networks:

L(IS, IG ) = #
��
ϕ(IS) ∩ δβ(IG )

� ∪ �
δβ(IS) ∩ ϕ(IG )

��
# (ϕ(IS) ∪ ϕ(IG))

where ϕ(·) is a skeletonization operation and δβ(·) is a
morphological dilation with a disc structuring element of
β pixels radius. The value of β controls the tolerance to
variations of the line tracing output. We set β = 2.

The final evaluation metric, named C AL, is defined as
f (C, A, L) = C · A · L.

For each image in a given data set we binarize the output
map of RUSTICO by varying the threshold t from 0 to 1 in
steps of 0.01, and compute the MCC and C AL values for
every binarized output image. Then, for every threshold value,
we compute the average MCC , denoted by MCC , and the
average C AL, denoted by C AL, values across the binary
outputs of all images in the data set, and choose the threshold
t∗ that contributes to the maximum C AL value.

2) Rose Stem and Crack Detection: For rose stem and
pavement crack detection, we adopt the evaluation protocol
proposed in [55], which takes into account precision (Pr),
recall (Re) and F-measure (F):

Pr = T P

T P + F P
, Re = T P

T P + F N
, F = 2 · Pr · Re

Pr + Re
(13)

According to [53], [55], for the computation of the per-
formance measures we take into account a certain tolerance
to compensate for some imprecision in the ground truth. If a
crack pixel is detected not farther than d∗ pixels from the
nearest ground truth pixel, it is considered as a TP, otherwise
it is a FP. For each image we compute the three metrics in
Eq. 13 for values of the threshold t from 0 to 1 in steps of 0.01.
We select the threshold t∗ that contributes to the highest
average F-measure F̄ on the considered data set. We also
compute the Precision-Recall curve, which gives a broader
understanding of the overall classification performance. The
curve is constructed by computing the values of precision and
recall for each threshold t .

C. Results and Comparison
The push-pull inhibitory component that we introduced in

RUSTICO contributes to the improvement of segmentation
results with high statistical significance. In the following,
we present the results of a large quantitative evaluation that
we performed on the mentioned benchmark data sets.

TABLE I

RESULTS ACHIEVED BY RUSTICO IN COMPARISON WITH THOSE
OBTAINED BY B-COSFIRE FILTERS ON THE CONSIDERED DATA

SETS. THE NUMBER OF IMAGES CONTAINED IN EACH DATA

SET ARE REPORTED IN THE SECOND COLUMN, WHILE THE

p-VALUES OF THE RIGHT-TAILED t -TEST STATISTICS IN
THE LAST COLUMN. BOLD VALUES INDICATE THAT THE

RESULTS ACHIEVED BY RUSTICO ARE STATISTI-
CALLY HIGHER THAN THOSE OF B-COSFIRE.

THE ROAD AND RIVER AERIAL IMAGES ARE

SINGLE EXAMPLES AND, HENCE, t -TEST

STATISTICS ARE NOT APPLICABLE

We report the performance results achieved by RUSTICO
and compare them with the ones obtained by the B-COSFIRE
filter in Table I. The values of CAL are computed after
thresholding the response maps of RUSTICO and B-COSFIRE
according to the criteria described in Section VI-B. The
improvement of the CAL metric with respect to the results
achieved by the B-COSFIRE filter is statistically significant on
most of the considered data sets. As a matter of fact, on the
DRIVE, CHASE_DB1 and HRF, TB-roses35, Crack_ivc,
CrackTree206 and Crack_pv14 data sets, the significance of
the performance improvement is confirmed by the right-tailed
paired t-test statistics (DRIVE: p < 0.05; CHASE_DB1:
p < 0.01, HRF: p < 0.01; TB-roses35: p < 0.01;
Crack_ivc: p < 0.05; CrackTree206: p < 0.01; Crack_pv14:
p < 0.05). The road and river aerial images are single
examples and, hence, statistical analysis is not applicable.
It is noticeable that for the STARE data set, the push-pull
inhibition component of RUSTICO does not contribute to an
improvement of performance with respect to the B-COSFIRE
approach. This is mainly due to the characteristics of the
STARE data set, whose images do not contain large amount of
noise and texture in the background. RUSTICO significantly
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Fig. 8. (First row) Example images from the considered data sets, together with (second row) their corresponding ground truth images. The third and
fourth rows illustrate the delineations obtained by B-COSFIRE and RUSTICO together with the value of the performance metrics, respectively. The fifth row
illustrates the parts of the structures of interest that are detected by RUSTICO and missed by B-COSFIRE.

outperforms B-COSFIRE filters for the detection of rose stems,
although most of the errors are caused by the detection of
curvilinear and elongated structures that are not part of rose
bushes (e.g. poles). RUSTICO is, thus, able to detect very fine
structures also in very hard situations where noise and texture
are present in the images.

In Fig. 8, we show example images and segmented output
maps obtained by RUSTICO (fourth row) in comparison with
the outputs obtained using the B-COSFIRE filters (third row).
The proposed operator is more effective than B-COSFIRE fil-
ters, achieving generally higher values of the C AL metric and
F-measure. The improvement of the quality of the delineation
output is illustrated in the images in the fifth row of Fig. 8,
where we show the parts of the structures of interest that are
detected by RUSTICO and not detected by B-COSFIRE. This
is also evident from the quantitative results that we report
for the images in Fig. 8. For example, on the river image
RUSTICO achieves a CAL value of 0.6523, which is much
higher than the value of 0.4397 obtained by B-COSFIRE.

In Table II, we compare the results of RUSTICO for
the segmentation of vessels in retinal images with those
of other approaches on the DRIVE and STARE data sets.
We report the results of unsupervised approaches above the
dashed lines, while the results of supervised approaches below
the dashed lines. We computed the MCC and CAL values
of existing methods using the segmented images that the
authors made publicly available. For RORPO [35], we carried
out experiments using the implementation provided by the
authors and fine-tuned its parameters by a grid search. For
methods that achieved statistically significant lower results
than RUSTICO, we report the significance level of a right-
tailed paired t-test statistic. The sign - indicates that there
is no statistical difference between the results of RUSTICO
and the corresponding method. The signs ∗ and ∗∗ indicate
that the corresponding method achieved statistically higher
results than those of RUSTICO with significance levels of
0.05 and 0.01, respectively. For the DRIVE data set, the aver-
age CAL achieved by the proposed operator is statistically
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TABLE II

COMPARISON OF RESULTS OF RUSTICO WITH THE ONES OF EXISTING
APPROACHES ON RETINAL IMAGES. THE METHODS ABOVE THE

DASHED LINES ARE UNSUPERVISED WHILE THE ONES BELOW

ARE SUPERVISED. THE SIGN - INDICATES THAT THE RESULTS

OF THE CORRESPONDING APPROACHES ARE NOT STATIS-
TICALLY DIFFERENT THAN THOSE OF RUSTICO. THE∗ AND ∗∗ SIGNS INDICATE AVERAGE RESULTS STA-

TISTICALLY HIGHER THAN THE ONES OBTAINED
BY RUSTICO WITH SIGNIFICANCE LEVELS

OF 0.05 AND 0.01, RESPECTIVELY

higher than those obtained by many existing approaches,
as confirmed by the p-values that we report in Table II.
The methods proposed by Orlando and Blaschko [64] and
Orlando et al. [65], based on Fully Connected Conditional
Random Fields (FC-CRF), achieved comparable values of
CAL to that of RUSTICO on the DRIVE, STARE and
CHASE_DB1 data sets and a significantly lower value of CAL
on the HRF data set of high resolution images.. The MCC

TABLE III

COMPARISON OF PERFORMANCE RESULTS ACHIEVED TWO AERIAL
IMAGES, ONE DEPICTING A ROAD AND THE OTHER ONE A

RIVER. THE METHODS ARE ALL UNSUPERVISED

achieved by RUSTICO is higher than the one obtained by other
methods based on filtering (i.e. unsupervised) approaches,
while it is statistically lower than the supervised methods (i.e.
based on machine learning techniques) proposed in [64], [65]
and in [14], with significance level of 0.01 and 0.05, respec-
tively. The results that we achieved on the STARE data
set are statistically higher than or comparable to the ones
obtained by other approaches, both in terms of MCC and CAL.
Only the U-Net convolutional neural network [17] and Deep-
Vessel [66], achieve statistically higher values of MCC and
CAL (p < 0.01). For the evaluation on the HRF data set,
we compute the results for 30 images out of 45, as the first
15 images are used by Orlando et al. [65] to train the UP-CRF
and FC-CRF models. It is noticeable how on high-resolution
images contained in the HRF data set, RUSTICO achieves
a statistically higher value of CAL than the more complex
FC-CRF and UP-CRF approaches.

RUSTICO is a general approach for delineation of curvilin-
ear patterns in unsupervised way, while the methods we com-
pared with are specifically tailored or fine-tuned (e.g. U-Net,
which is adapted to vessel segmentation while the original
architecture is designed for cell segmentation) for the delin-
eation of blood vessels in retinal fundus images. The only other
method that is designed as an operator general curvilinear
pattern detection is RORPO, which achieved much lower
results than RUSTICO. Notable is the fact that the RUSTICO
that we employed in the experiments is a single operator and
it is not directly comparable with machine learning based
approaches and CNNs, which employ hundreds or thousands
of filters organized in a hierarchical fashion, e.g. U-Net and
DeepVessel.

In Table III, we report the MCC and CAL values achieved
by RUSTICO and other existing unsupervised methods on
the road and river aerial images. RUSTICO outperforms the
approaches proposed in [7], [8], [67], and performed less than
the method proposed in [6]. These four methods were designed
to deal with specific problems of the images at hand and
are computationally expensive. In [68], it was reported that
they require a processing time that is one to three orders of
magnitude higher than the one required by B-COSFIRE filters.
RUSTICO requires double processing time than B-COSFIRE
filters, on average. RORPO, which is the only other general
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Fig. 9. Precision-Recall curves achieved by RUSTICO (solid line) and B-COSFIRE (dashed line) on the (a) Crack_ivc, (b) CrackTree, and (c) Crack_pv14 data
sets, together with the results achieved by existing approaches.

approach to delineation of curvilinear structures, achieved
much lower results than RUSTICO.

We report the Precision-Recall curves achieved by
RUSTICO on the Crack_ivc, CrackTree206 and Crack_pv14
data sets in Figs. 9a, 9b and 9c, respectively. Existing meth-
ods, except for the CrackTree [55] algorithm on the Crack-
Tree206 data set, performed less than RUSTICO. In particular,
the average F-measure of RUSTICO on the Crack_ivc data
set (F = 0.8299) is higher than those of existing methods
(B-COSFIRE: F = 0.7765; FoSA: F = 0.7719; SegExt:
0.6526), as it is shown in Fig. 9b. On the CrackTree206 data
set, RUSTICO performed better (F = 0.6846) than many
existing approaches, namely B-COSFIRE (F = 0.6630),
SegExt [69] (F = 0.55), Canny (F = 0.26), global pb
(F = 0.44) and pbCGTG [70] (F = 0.35). The results of the
CrackTree algorithm, both when a pre-processing step with
global shadow removal (GSR) algorithm is used and when
it is not used (F-measure of 0.85 and 0.77, respectively),
are higher than those of RUSTICO. On the Crack_pv14 data
set, we obtained an F-measure of 0.9199, which is sta-
tistically higher than those obtained by Zou et al. [55]
(F = 0.8665, p < 0.05), CrackTree (F = 0.7664, p <
0.01) and FoSA (F = 0.7380, p < 0.01). Despite of very
similar precision-recall curves obtained by B-COSFIRE and
RUSTICO, we observed that the average F-measure achieved
by B-COSFIRE (F = 0.9172) is statistically significantly
lower than the one of RUSTICO, with p < 0.05.

It is important to highlight that the best performing methods
on the considered data sets were designed to deal with specific
problems and characteristics of the concerned applications. For
instance, the CrackTree and FoSA algorithms were designed
for the detection of cracks in RGB images. Their performance
drastically drops when they are applied to different kinds of
image, even if from the same application, e.g. when they are
applied to the laser range images in the Crack_pv14 data
set. RUSTICO is, instead, designed as a general approach to
segmentation of curvilinear structures and achieves results that

are comparable or, in most cases, higher than those reported
in the literature for various applications and image sources.

D. Hyperparameters
The values of the parameters of RUSTICO have to be

manually set according to the characteristics of the curvilinear
structures of interest and of the particular images analyzed. For
instance, the value of σ determines the selectivity of the oper-
ator to structures of certain thicknesses (see Section III-A),
while the values of λ and ξ regulate the size of the image
region in which the noise is suppressed and the strength of
suppression, respectively (see Section III-C). For the applica-
tion of retinal vessel delineation, the images in the STARE
and DRIVE data sets have lower resolutions than the images
in the CHASE_DB1 and HRF data sets. As a result, the blood
vessels in the latter data sets are thicker than the ones in the
former data sets. The operators involved in the processing of
such images need to be configured with higher values of σ .
Similarly, the Crack_pv14 data set contains lower resolution
images than those in the Crack_ivc and CrackTree206 data
sets, so requiring a smaller value of σ . On the contrary,
the larger presence of textured background in the Crack_ivc
and CrackTree206 data sets requires higher values of the para-
meters λ and ξ that regulate the degree of noise suppression.

VII. DISCUSSION AND OUTLOOK

The significant improvement of the performance results
achieved by RUSTICO with respect to the B-COSFIRE
filters and other methods on various benchmark data sets
is attributable to the contribution of the newly introduced
inhibitory component. In our experiments we demonstrated
how RUSTICO is able to suppress responses to noise and
spurious texture. As a consequence, structures of interest and
their more challenging parts, such as thin and low-contrast
ones, are better detected. This is particularly evident from
the results achieved on the TB-roses35 data set. RUSTICO
is able to detect more challenging parts of the rose stems,



5864 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 28, NO. 12, DECEMBER 2019

e.g. thin branches in highly textured regions. Most of the
detection errors of RUSTICO are, however, caused by elon-
gated structures that are not part of rose bushes, such as
window borders and poles. The robustness of RUSTICO to
such cases and the quality of the delineation output can be
further improved by considering color or depth information.
This would contribute to increasing the selectivity of the
proposed operator for the patterns of interest. Furthermore,
in such cases, RUSTICO can be employed in more complex
pipelines and its output can serve as prior for advanced
image processing and computer vision algorithms, e.g. scene
understanding or semantic segmentation.

We do not aim at comparing the performance of RUSTICO
against the results achieved by methods based on deep learning
and CNNs, which instead require to process hundreds or
even thousands of 3-dimensional convolutions. The response
maps of RUSTICO can be used as prior input to CNNs or
concatenated to their intermediate response maps to facilitate
the learning of representations that are robust to texture and
noise, especially along object boundaries.

One point of strength of RUSTICO is that it is a config-
urable operator, in that its selectivity for patterns of interest
is determined by a configuration algorithm that analyses a
prototype example rather than being fixed in the imple-
mentation. The automatic configuration procedure determines
the structure of RUSTICO, i.e. the position (ρi , φi ) of its
DoG contributing filters with respect to the center of the
filter support. The values of other hyperparameters, namely
σ, α, σ0, ξ, λ are to be set by the user according to the
guidelines we discussed in Section VI-D and to the constraints
of the application at hand. However, automatic procedures to
determine the values of these parameters can be employed by
using RUSTICO within a supervised learning framework that
uses optimization techniques based on genetic algorithms [71],
or machine learning and information theory [34], [72].

Configurable (or trainable) operators and feature extractors
were previously proposed for object recognition [73], [74],
sound event detection [75], [76] and human action recogni-
tion [77]. They were also integrated into CNN architectures
and applied to object and place recognition [78]. Besides
curvilinear structures, RUSTICO can be configured to be
selective for other types of pattern, such as corners, T- or
Y-junctions, and cross-over lines by presenting examples of
such patterns to the configuration algorithm. In the application
phase to new images, RUSTICO accounts for tolerance to
modifications with respect to the prototype pattern used for
configuration and it is able to detect also deformed versions
of it, to some extent. For example, the operator configured with
the synthetic straight line in Fig. 2a is also able to delineate
structures with high degree of curvilinearity (see Fig. 7). The
degree of tolerance is regulated by the values of the parameters
σ0 and α. Tolerance increases with increasing values of these
parameters.

VIII. CONCLUSIONS

We propose a novel operator for delineation of curvilinear
structures, which we call RUSTICO (RobUST Inhibitory-
augmented Curvilinear Operator). The proposed operator

includes an inhibition mechanism that determines the sup-
pression of the responses due to spurious texture. We per-
fomed experiments that demonstrated the effectiveness of
the proposed method on various benchmark data sets for
different real-world applications, such as rose stem detection
for gardening robotics, retinal blood vessel segmentation, road
and river segmentation in aerial images, and crack detection
in pavement and road images. The results that we obtained
are better, with high statistical significance, than many other
unsupervised filter-based approaches.
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