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Abstract

Several applications such as vessel segmentation, road detection or human airway extraction benefit from curvilinear
object segmentation. Although they face similar situations, researchers usually focus on few applications, disregarding
the results they could potentially achieve in others. Thus, the same mathematical tools are rediscovered and fine-
grained on many occasions. To tackle this problem, we review the state of the art of curvilinear object segmentation
in the applications where it has been proved useful. First, we infer the common denominator of what a curvilinear
object is and the additional features that each individual application presents. Foremost, we classify the most relevant
algorithms to give a complete, cross-application view of how curvilinear objects can be segmented. Further, we
present and compare the results they provide when doing so is meaningful. This survey is aimed at understanding
under which conditions and which applications some methodologies should be favoured over the others.
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1. Introduction

Several applications extract curvilinear objects from
images with different purposes. Curvilinear objects can
be roughly defined as thin, long, line-like regions with
different intensities than their neighbouring pixels. Such
structures are found in a wide variety of situations: ves-
sels in medical imaging, roads in satellite imagery or
fingerprints from specialized acquisition devices are just
a few examples of them. Since these and other appli-
cations face very similar problems, the methods that
employ them tend to be based on the same techniques.
However, researchers usually focus on one or two appli-
cations, disregarding the results they could potentially
achieve in other fields with their own techniques. Be-
sides not being developed in all their potential, the same
mathematical tools are rediscovered and fine-grained on
many occasions.

There are a great number of published methods that
deal with the segmentation of line-like objects, and
some highly detailed reviews of them. However, all
these reviews are focused on just one specific applica-
tion. Although all of them compare and classify meth-
ods with respect to different taxonomies, there is no
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single study that unifies these fields to the best of our
knowledge. Kirbas and Quek [1] studied and sum-
marized techniques for vessel segmentation. More re-
cently, a survey focused on retinal vessel segmentation
was published by Fraz et al. [2]. Lesage et al. [3] pre-
sented a review of 3D vessel lumen segmentation tech-
niques. Several methods aimed at performing airway
tree segmentation in chest Computed Tomography (CT)
scans were collected and compared in a study led by Lo
[4]. Mena [5] published a qualitative survey of road ex-
traction algorithms. A brief review in road pavement
assessment algorithms was provided by Chambon and
Moliard [6]. Other surveys on tightly related applica-
tions have also been presented, like palmprint line en-
hancement [7] or fingerprint classification [8]. In view
of the lack of an in-depth common analysis of these
related techniques, the present survey is aimed at pro-
viding a cross-application comparison of the different
strategies employed.

The methodology used to study curvilinear object
segmentation has very important consequences in our
study. Regarding the nature of the method, we have
focused on segmentation methods in order to limit the
field of work, ease the comparison among methods and
thus be potentially able to draw a more specific analysis.
Segmentation methods are the ones whose input is a 2-
dimensional or 3-dimensional image, and whose output
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is a binary mask indicating whether the pixel belongs to
the curvilinear object or not. In contrast, enhancement
methods, which may be seen as pixel-wise estimators of
belonging to a curvilinear object, are deliberately given
a lower priority. Besides, we do not include algorithms
concerned with edges or contours between different ob-
jects. Regarding the applications where curvilinear ob-
jects may be segmented, we have considered those in
which the previously introduced rough definition may
fit. The methodology embraced to compare different
algorithms is discussed exhaustively in Sect. 4.1. Fi-
nally, regarding the studied algorithms, we find a vast
amount of published works along decades when con-
sidering several applications. To increase the coverage
of the survey while retaining the most relevant results,
we have considered only a subset of them. The criteria
to select them are, in order of relevance, the following
ones: (a) their quantitative results in the most relevant
benchmarks, (b) the number of incoming cites accord-
ing to Google Scholar, (c) the year of their publication,
and, (d) the singularity of the application or the mathe-
matical approach used to segment.

The objective of this review is to clearly present the
similarities and differences between curvilinear struc-
tures in different applications and how they are seg-
mented more effectively. By doing so, we can poten-
tially acquire a wider point of view to (i) extend the
results from some fields to others, and (ii) understand
under which conditions some methodologies should be
favoured over the rest of them. Motivated by these two
potential contributions, our goals are as follows:

I To select applications of curvilinear object detec-
tion and study how the curvilinear objects present
in them are modelled.

II To propose a general and broad definition that en-
compasses the curvilinear objects that are found in
all the selected fields of interest.

III To summarize the mathematical techniques used to
segment the curvilinear structures found across all
considered applications.

IV To study the strengths and weaknesses of these
techniques according to the type of curvilinear ob-
jects and to the final objective that the segmenta-
tion contributes to fulfill.

This last objective is pursued to bridge the gap be-
tween different applications of curvilinear object seg-
mentation. It may help practitioners to select the best
methodology when dealing with a specific problem in

which curvilinear objects should be segmented. We re-
mark that the notion of best methodology will depend,
of course, on the constraints of each specific situation:
the model for curvilinear object, the type of input im-
ages, the maximum processing time allowed, etc.

The structure of the rest of this survey is as follows.
We introduce the models of curvilinear objects accord-
ing to each application in Section 2, where we also ex-
tract the common denominator of such models, address-
ing thus goals I and II. In Section 3, which is aimed at
facing goal III, the selected methods are described and
classified according to the mathematical tool with which
curvilinear objects are segmented. A comparison of the
results provided by different methods is given in Sec-
tion 4, along with a discussion concerning which meth-
ods can be compared and how to do such comparison,
addressing thus the goal IV. Finally, Section 5 summa-
rizes and unifies the analysis scattered over the previous
sections.

2. Description of Curvilinear Structures

The aim of this section is to establish the foundations
of a coherent study that enables the comparison of dif-
ferent mathematical techniques to segment curvilinear
structures. To do so, we study the different applications
and their models for curvilinear structures, and then in-
fer a broad definition of curvilinear structures. How-
ever, for the sake of cohesion, this is presented in the
opposite order. We firstly introduce a General Model for
Curvilinear Structures. It covers the common character-
istics that share all curvilinear objects as we understand
them.

However, the general model can be extended to fur-
ther discriminate curvilinear objects. Each method, usu-
ally focused on just one application, considers implic-
itly or explicitly a model of what a curvilinear struc-
ture is. However, it is not possible to accurately de-
fine what should be considered a curvilinear structure
and what should not, since different algorithms consider
really distinct models. To improve the performance of
the segmentation in each specific application while cop-
ing with this variety, we also introduce the Application-
Dependent Models. These models consider sets of con-
straints that remain true when facing a particular prob-
lem, and ease the discrimination between the curvilinear
objects of interest and the rest of the image.

2.1. General Model for Curvilinear Structures
Our model for curvilinear structures has been ob-

tained as the common denominator of the explicit and
implicit models used in the considered literature.
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When dealing with image segmentation, a model can
be thought of as a collection of high-level features that
define the object of interest, discriminating it from the
rest of the image. These features must be translated
into a series of constraints such that, broadly speaking,
a pixel should be tagged as belonging to the object if
it fulfills such constraints. Depending on their nature,
such constraints are classified as either geometric, when
the restriction involves the spatial relations among the
pixels, or photometric, in which the intensity value of
pixels are taken into account.

That said, we define a Curvilinear Object as a region
of pixels within one image that fulfills all of the follow-
ing geometric (G) and photometric (P) characteristics:

G1. Its pixels should be “mostly” connected.

G2. The region should be “thin” across a “long” path.

G3. The variation of width along the region should be
“smooth”.

P1. Its pixels should have “significatively different” in-
tensities compared to its neighbouring background.

P2. The variation of colour along the main direction
should be “smooth”.

P3. The cross-section profile – the intensity values
transverse to the main direction – should follow a
specific distribution.

A pixel is considered part of a curvilinear structure if
it belongs to a region fulfilling all these constraints.

We highlight that curvilinear, one-pixel width seg-
ments are intentionally included in our definition. How-
ever, this definition does not include contours or edges,
since these regions do not fulfill P1: their intensity is
similar to either one of the two regions they divide. We
remark that we are not concerned with the limits be-
tween two objects, but with one tubular-shaped object
placed in the foreground of a uniform or non-uniform
background.

We also highlight the subjective nature of our def-
inition, which is explicited by containing some vague
words such as “mostly”, “thin”, etc. These vague con-
cepts should be accurately established in each specific
situation. This lack of formality is unavoidable: there
are pixels that some experts may flag differently than
others. Such vagueness is deliberately incorporated into
our general definition.

As we have said, our definition for curvilinear struc-
tures is based on the common characteristics observed
throughout different but similar applications. It has a

double purpose. First, all methods can leverage each
one of these characteristics to extract curvilinear ob-
jects. And second, it eases the determination of whether
a problem is an instance of curvilinear object segmenta-
tion (and, thus, is tightly related to many others) or not.
However, in most cases, the model may be improved
by considering extra constraints that will always hold in
specific situations. This observation leads to the sets of
features that define the application-dependent models.

2.2. Application-Dependent Models for Curvilinear
Structures

Each application considers distinct types of curvi-
linear objects. For instance, vessels can be character-
ized as slightly tortuous tubular shapes that form a tree-
like structure, whereas urban roads may be modelled
as mostly straight segments with several intersections,
most of them orthogonal.

Our goal is to further improve the general model for
curvilinear objects, already defined in Sect. 2.1. This
improvement can be accomplished leveraging the fact
that different images show distinct types of noise, arti-
facts or background textures, among others. Moreover,
the curvilinear objects present in them also have dif-
ferent features when considering different applications.
To identify the features that differentiate one applica-
tion from others, we consider the model of each method
individually. We advance that the models whose corre-
sponding algorithms face similar situations tend be co-
herent and complement each other, as will be remarked
in Tables 1, 2 and 3.

2.2.1. Applications
In the following, the considered applications are in-

troduced, as well as the features that their models rely
on. We consider of interest the problems that (i) make
use of curvilinear object segmentation according to the
broad definition given in Section 2.1, and (ii) can be
contrasted against a ground truth so that different solu-
tions are comparable with regard to their correctness.
Fig. 1 contains samples of some applications fulfilling
these demands.

We remark that curvilinear objects appear in a wide
range of branches and in different formats, including
video frames, 3D volumetric images or imagery ac-
quired with specific-purpose devices. The applications
considered in this survey are the following ones:

Vessel segmentation is a good example of curvilinear
object segmentation. In its images, both veins and ar-
teries are curvilinear objects that should be detected and

3



(a) Eye-fundus retinal image from the
DRIVE database [9].

(b) Slice of a 3D CT scan from the EX-
ACT09 database [4], where the cross-
section of airways appear as black
rounded shapes.

(c) Low-flight video frame containing
wires from the South Florida Urban
Dataset [10].

(d) Wrinkles in human face. Frontal
face dataset collected by Markus We-
ber at California Institute of Technol-
ogy.

(e) Fingerprint from the CASIA-
FingerprintV5 dataset, collected by the
Chinese Academy of Sciences’ Insti-
tute of Automation.

(f) Pavement defect in a sample image
from the CrackTree dataset [11].

Figure 1: Samples from different datasets depicting distinct types of curvilinear objects.

distinguished from other tissues and anatomical struc-
tures. They can be found in different situations: eye-
fundus images are 2D depictions that capture the retina
[9, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25,
26, 27, 28, 29, 30], Computed Tomography Angiogra-
phies (CTA) [31, 32, 33] and Magnetic Resonance An-
giograms (MRA) [34, 35, 36, 37, 38] provide 2D or 3D
representations of part of the human body, confocal mi-
croscopy [39] is used for in-vivo image acquisition, etc.
Vessel segmentation can assist in the detection of a great
number of pathologies [40, 26]. It can also be used for
image registration [1] and even as a biometric identifier
[41].

Another application is the extraction of airways from
high-resolution human CT scans [42, 43, 44, 45, 46, 47,
48, 49, 50, 51, 4, 52, 53, 54]. The curvilinear objects
of interest are, of course, the airways. Some features
of the bronquial tree structure, such as its cross-section
area and its wall thickness, help to detect the presence

of some pathologies [55].
During certain surgical operations, some tube-shaped

devices may be inserted into tortuous spaces. Medical
imaging provides a series of frames from which their
position can be estimated [56]. Guide-wire tracking [57,
58] provides useful information for the practitioner to
localize it within biological tissue [59, 60] or to monitor
myocardial function [61].

Road detection consists on extracting the roads –
which can be modelled as curvilinear objects – from
either aerial or satellite imaging [62, 63]. Regarding
the models they use, they can be divided into urban
[64, 65, 66, 67], rural [68, 69, 70] and forest [71, 72]
regions due to their significative differences. River ex-
traction [73, 74] and bridge detection techniques [75]
face a very similar problem, and usually are comple-
mented with each other and with road detection meth-
ods [76]. The automatic extraction of cartographic and
topographic objects is a major challenge for the update
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of Geographic Information System (GIS) databases [5].
Besides, other structures such as ship wakes appear as
curvilinear objects in aerial images [77]. The defects
in roads also appear as curvilinear objects. Road pave-
ment assessment appears thus as another application
that leverages our general model for curvilinear struc-
tures [6, 11, 78, 79, 80]. The identification and classifi-
cation of these cracks [81] from specific-purpose imag-
ing helps to automate a tedious process regarding road
maintenance [82].

Power lines are a real threat to helicopters and small
aircrafts, even in daylight [10]. Wire detection in low-
flight imagery is an easy to implement solution that pro-
vides acceptable results [83]. Once again, these wires
appear as curvilinear structures in low or medium reso-
lution video frames. [84, 85]

Facial wrinkles detection is useful towards age esti-
mation from pictures [86]. In them, wrinkles appear as
narrow, tortuous curvilinear objects that are again mod-
elled by our general definition [87, 88], which can be
considered as a soft biometrics [89].

Neurite tracing in 2D or 3D imagery appears as an-
other application of curvilinear structure detection. Flu-
orescence microscopy scans can show neurons’ cell
bodies and neurites – axons and dendrites that can be
both characterized as curvilinear objects. The segmen-
tation and labelling of neurites can help to study the
morphology of neurons [90, 91] and axons [92, 93, 94],
as well as providing neuroscientists with information to
understand the molecular mechanisms in many biologi-
cal activities such as neurite outgrowth and differentia-
tion [95].

Other examples of applications that could leverage
the general model for curvilinear objects are the seg-
mentation of biological cells or filaments, such as mi-
croglia [96] or microtubules [97], the detection of spicu-
lated lesions in mammograms [98], fingerprint or palm-
print enhancement towards matching [7, 99], the study
and segmentation of geophysical images [100], high-
lighting defects from metallic surfaces and the detection
of miscellaneous wary objects in natural images [101].

2.2.2. Application-Dependent Description of Input Im-
ages

As can be seen in Fig. 1, the curvilinear objects of
interest are quite diverse when considering different ap-
plications. Besides containing different curvilinear ob-
jects, the images themselves have different character-
istics. Table 1 summarizes, per each application, the
nature of the images that are usually considered. It in-
cludes their dimension, spectrum, size and disturbances:

The Dimension of the images is always 2D or volu-
metric 3D. No considered application uses stereoscopic
3D. In some situations, instead of one single image,
each input sample consists on a series of video frames
(2D+T or 3D+T).

The Spectrum of the images determines the nature of
the images and, thus, the number of channels. Standard
cameras capture RGB images that can be either standard
pictures or enhanced images. An example of the lat-
ter are fluorescein angiographies, in which a flourescent
dye is injected into patients and a blue light is used to
illuminate it. Digital Subtraction Angiography (DSA)
is a medical imaging method in which a standard image
is subtracted from a fluorescein angiography to enhance
vessels. Ultrasound scans, Computed Tomography (CT)
scans and Magnetic Resonance Imaging (MRI) scans
provide 2D and 3D volumetrics images from the re-
sponse of tissues to ultrasounds and electromagnetic ra-
diation.

The Size of the Images is roughly divided as small im-
ages (less than 500ˆ 500 pixels), medium images (less
than 1500ˆ1500 pixels but bigger than small ones) and
large images (more than 1500ˆ 1500 pixels). Volumet-
ric 3D images are also classified taking into account the
amount of voxels in them.

Lastly, the Disturbances and Challenges column in-
cludes all aspects that may difficult the task of segment-
ing curvilinear objects with regard to the images. It re-
flects the quality of images thought of as the amount of
information that they convey. This includes the pres-
ence of artifacts, similar objects or textures, noise, low
contrast, etc.

2.2.3. Application-Dependent Features of Curvilinear
Structures

Even when considering a single application, there is
no single model that encompasses the features consid-
ered in all the algorithms. Although some algorithms
may consider different features than others, they tend to
complement each other.

In this study, we have extracted the models that au-
thors consider in order to solve each particular problem,
summarizing the results in Tables 2 and 3. When mul-
titude of methods leveraged the same feature, only the
ones with better results or more up to date have been
referenced. To ease the comparison of our application-
dependent models, we have classified the features as ei-
ther geometric (G) or photometric (P) characteristics.

The geometric features that better differentiate one
model from another are their structure, their curvature
and the crossings of the curvilinear structuring element
with itself – both bifurcations and intersections. Table 2
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Dimension Spectrum Size of Images Disturbances and Challenges

Vessel
Segm.

Retinal

Only 2D
[9, 14,
102].

RGB fundus
[9, 14, 102] or
fluorescein
angiography
[18].

Medium-sized
[9, 14] and large
images [102].

There are several types of artifacts [2]. The
background is unevenly illuminated [2, 17, 28]
and has a non-flat texture [27]. Besides, they
present low contrast [13].

Others

2D [12],
3D
[12, 103]
or 3D+T
[39].

MRA, DSA
[12] or CT [31].

Not specified. Numerous artifacts [103] and non stationary
noise (i.e. that varies over the image domain)
[103].

Extraction of
Airways

Only 3D
[4].

Only CT [4]. Very large (around
80 ¨ 106 voxels)
[4].

The lung tissue has similar intensity to airways
[49], and the constrast between airways and
their walls is low [45, 51]. Besides, lung
diseases may magnify obstrusions [51].

Guide-Wire
Tracking

2D [61],
2D+T [58]
or 3D [60].

Ultrasound [60]
or X-ray
imaging
[57, 61].

Medium-sized
images [58, 61].

Images present speckle noise [60] and low
dynamic range [57, 60, 61]. They have low
contrast [61], even lower when 2D images are
used (since they accumulate information from
the whole volume) [58]. Similarity between
guide-wire and certain anatomical structures
[57, 58] and distortion [60] further worsen the
images.

Road
Detect.

Urban
Only 2D
[64, 69,
66].

RGB [66], RGB
plus near
infrared [69] or
Synthetic
Aperture Radar
(SAR) [65, 66].

Medium-sized
[70] or large
images [65, 72].
Their spatial
resolution is
between 7 m [65]
and 0.5 m
[70, 72].

Occlusions due to vegetation or buildings
[67, 72]. Appearance of similar objects, like
trees by the roads or shadows [67] or presence
of non-road curvilinear objects [65, 67]. In
urban SAR imaging, contrast is usually higher
due to the double-bounce reflections of the
buildings but their height may hinder the
correct location of roads [65].

Rural

Forest Laser scanning
data [72].

Pavement
Crack
Detection

Only 2D
[11, 78,
82].

RGB [81] or
grayscale
[11, 80].

Medium-sized
[11] and large
[80, 81] images,
approximate
spatial resolution
of 1 mm [82].

Various pavement textures [82] which are
inhomogeneous [11], lighting conditions
[79, 81] and shadows of trees or light poles
[11, 82] decrease the contrast of images. Oil
spots may hinder the detection of other objects
[80].

Facial
Wrinkles
Extraction

Only 2D
[86, 87,
88].

RGB standard
images [87, 88].

From small
images [87] to
medium [86] and
large ones [88].

Inhomogeneuous skin texture [86, 87] and the
presence of artifacts (pores, velous hairs,
pigmentation) [86, 88].

Table 1: Description of the images used in different applications.

gathers the application-dependant model with regard to
the geometric features.

Following the enumeration used for the general
model, we define these features as:

G4 The structure. That is, the overall shape of the
whole segmentation seen as a binary mask. It can
be a binary tree-like structure, a series of uncon-
nected segments, a grid, etc.

G5 The local curvature. It covers the behaviour of the
bends that the tubular object may have. For in-

stance, some objects may be mostly straight, other
can admit soft bends and others highly tortuosity
ones.

G6 Amount of bifurcations. We define a bifurcation
as a three-branch joint. That is, a position of
the curvilinear object where exactly three distinct
paths collide.

G7 Amount of intersections. An intersection, as we
understand it, is a joint with four or more branches.
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Structure Curvature Intersections Bifurcations

Vessel
Segm.

Retinal

Binary tree structure [2, 28] formed by
piecewise linear segments [13], with the
appearance of close and tangent vessels
[104].

Small maximum
curvature [2, 13].

Not specified. Common [104].

Others

Different topologies are considered:
Complex topologies with different
segments [103], connected tubular
segments [12] or a tree-like structure
[31].

Not specified. Yes, highly
randomly [103].

Yes, highly
randomly [103].

Extraction of
Airways

Upside-down binary tree [51]. Non-principal
curvature is close to
zero [51].

Not specified. Common [4, 51].

Guide-Wire
Tracking

One single object [60, 61]. It is a 2nd or 3rd order
curve [60, 61], and the
local curvature is
bounded by a fixed
angle [57].

None [60, 61]. None [60, 61].

Road
Detect.

Urban

Approximable as a set of segments [67]
with small width variance [69].
Segments are unlikely to be small [69]
or disconnected [66].

Limited direction
changes
[64, 65, 66, 69].

High frequency
of orthogonal
intersections
[65, 66].

They are allowed
[66].

Rural
They are allowed
[72].

They are allowed
[72], as long as
their orientation
does not change
abruptly [67].Forest

Pavement
Crack
Detection

Mostly longitudinal segments,
transversal segments or grid- shaped
structures [78, 79, 81]. They can appear
disconnected [78].

Sometimes they
present high curvature
[11], but are more
usually straight
[78, 81].

Yes [78, 81]. None [11].

Facial
Wrinkles
Extraction

Several continuous segments [86] with
different length, tickness and orientation
[88], usually segregated [86, 87].

The local curvatures is
bounded by a fixed
angle [86, 87].

Few. [87]. None [87].

Table 2: Geometric features by application.

On the other hand, the considered photometric fea-
tures are the cross-section profile and the channels and
intensity values. Table 3 summarizes the similarities
and differences with regard these two features. These
two concepts capture the following attributes:

P3 Cross-Section Profile. It is defined as the distribu-
tion of intensity values across a direction orthogo-
nal to the local orientation of the curvilinear object.
In 2D images it is represented as a one-dimensional
function, whereas 3D imaging has a cross section
whose domain is a two-dimensional area. For ex-
ample, a flat profile, sometimes called a bar-like
profile, assigns a single value to each point in the
cross-section.

P4 Channels and Intensity. In multichannel images,
some may conceive more information than oth-
ers. This also captures how the intensity within

the curvilinear object is expected and how it varies
along the object.

The application-dependant models extracted from the
literature are adapted to fit the most relevant applica-
tions. As it can be seen, the differences between the
considered models are very noticeable. Some applica-
tions consider a single object with several bifurcations,
others consider a set of unconnected and independent
objects, while the rest may not be restricted to a specific
structure. The curvature tends to be small or controlled
in all applications. They consider none or a fair amount
of bifurcations, and intersections only appear when con-
sidering 2D images. Most of the methods consider only
darker or whiter structures, which may be leveraged.
Although a specific cross-section profile is sometimes
considered, works facing the same application consider
very different profiles with similar results.
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Cross-Section Profile Channels and Intensity

Vessel
Segm.

Retinal

They present a wide range of width [2, 17, 28],
always changing gradually along a vessel [13].
The cross-section may be modelled as a Gaussian
[13, 15, 104], a Difference of Offset Gaussians
[17], a bar-like convolved with Gaussian [104],
etc.

Intensity values do not change abruptly
[2]. They are either brighter [17] or darker
[13] than their background.

Others
There are variations in width [12, 103]. A
Gaussian shape [31] or an Elliptical cross-section
[103] are used.

There are important variations in intensity
and contrast [103]. It is either brighter [12]
or darker [103] than the background.

Extraction of
Airways

The airway lumen has lower intensity than its
surrounded walls [49, 45], which are relatively
thin [49].

The intensity is variable [51], but always
brighter than the background [45].

Guide-Wire
Tracking

Not specified. It is either brighter [60, 61] or darker [57]
than the background.

Road
Detect.

Urban
The statistics of the pixels are different from the
statistics of the pixels situated at both sides [66].

Dark lines in SAR imaging [65], although
can also appear as bright segments. In
RGB imaging they can be either dark or
road [67]. Higher contrast in urban than in
others [65, 69].Rural Not specified.

Forest Planar area in Digital Elevation Models
generated with Laser imaging [72].

Pavement
Crack
Detection

Irregular [11, 80]. Appear as darker structures [78, 82], and
tend to present a lower average intensity
than the background [79, 81] and a higher
standard deviation [11].

Facial
Wrinkles
Extraction

They are subtle discontinuities or cracks in
inhomogeneous skin texture [86].

They are darker than the background [87],
and cause intensity gradients [86]. They
may be extracted from the red channel
[88], or from a grayscale projection [87].

Table 3: Photometric characteristics of curvilinear objects within the considered applications.

A further discussion of the content summarized in Ta-
bles 1, 2 and 3 is found in Sect 5.1.

3. Approaches to Curvilinear Object Segmentation

Each method that aims at curvilinear object segmen-
tation includes – implicitly or explicitly – these three
elements:

1. The Model. The high-level constraints that de-
scribe, according to the method, what a curvilinear
object is (for instance, dark and thin objects).

2. The Feature Selection. The numeric indicators
that aim to capture one or more attributes of the
model (for instance, the pixel-wise response of the
image when it is convoluted with a linear filter).

3. The Algorithm. The computational implementa-
tion to extract the features from the image, and pro-
cess them to give a single indicator (following our

example, performing such convolution as a product
in the domain of the 2D Fourier transform).

This section summarizes the different mathematical
tools with which algorithms segment curvilinear ob-
jects. That is, we focus on what characterizes an algo-
rithm as such, which is usually related to both its feature
selection and its algorithm. Some approaches are exten-
sions of previous ones, so they have been classified in
a tree-like structure that can be visualized in Figure 2.
Given the wide diversity of methodologies, some over-
lapping can be found between algorithms of different
categories.

Besides, we also classify the algorithms according to
their strategy when creating the binary segmentation.
Some algorithms provide a binary mask to represent the
actual segmentation, whereas other extract their center-
lines or behave as a curvilinear-structure enhancement
filter. The former ones – which are of more interest
since their outputs can be compared – can be classified
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Figure 2: Categories and subcategories according to the mathematical tools that can be leveraged to segment curvilinear structures.

according to the strategy employed to create the binary
mask. They are summarized in Fig. 3.

Regarding the taxonomy of this second classification,
the different strategies in which we divide the methods
are:

1. Based on Pixels. A method based on pixels com-
putes a vector of features per each pixel (using lo-
cal or global information), and then labels each
pixel based only on its features. This includes mul-
tiscale strategies, in which several outputs are com-
puted depending on the size of the structure being
detected and are then combined into a single out-
put. This labelling procedure is set during the al-
gorithm design, and it does not change.

2. Based on Edges. To extract a curvilinear object, a
method based on edges will first estimate the posi-
tion of its borders and then fill the area within.

3. Based on Shapes. This category gathers the meth-
ods that have one or more predefined templates and
base their results on the similarity between the in-
put image and these templates. Some shape-based
algorithms detect a small portion of the object of
interest (e.g. a cross section) and covers the whole
with a tracing procedure.

4. Based on Regions. This strategy includes the
methods that extract a whole area, possibly post-
processing the results afterwards.

5. Based on Artificial Intelligence. They are those
methods that have an automatic learning stage, in
which expert data is used to infer predictions on
previously unseen samples.

6. User-Assisted. Finally, some methods require the
participation of an active user, whose engagement
level may vary from selecting a few seed points to
continuously provide feedback.

In the rest of this section, the classification according
to the first taxonomy (see Fig. 2) and the discussion of
the considered methods is presented.

3.1. Filtering.

We include in this category all algorithms that convey
information by using one or more filters. Since we are
dealing with image processing, we understand by filter
a local operator that, given one image as input, outputs
another image of the same size. One filter, or a cascade
of them, can be used to enhance desired structures found
within the image. We will consider separately linear
filters and more complex edge-enhancement filters.

3.1.1. Linear Filtering.
We will understand as linear filters those operations

that can be implemented with the convolution of a given
kernel – that is, linear and shift-invariant operations.
Linear filters are image transformations in which each
pixel is modified taking into account its original value
and its neighbourhood. They are local operations, so
they aim to detect objects with specific local properties
(i.e. dark objects, rounded objects, edges) but they can
not use global information like the position of the pixel
or the image histogram. Their computational complex-
ity is low since they are usually computed as a convolu-
tion with a given kernel. This is a fast operation when
the kernel is small or separable, and can otherwise be
asymptotically optimized using the Fast Fourier Trans-
form [105].

Linear filters have been used in a wide variety of fash-
ions to extract and enhance different curvilinear struc-
tures:
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Figure 3: Categories and subcategories according to the strategy with which segmentation is carried out.

Koller et al. [106] introduced a method based on a
non-linear combination of linear filters, with an edge-
detection based approach. The local orientation is es-
timated. Then, two linear filters are applied, each of
them aimed at detecting one of the two edges of the
curvilinear object. These filters are first derivatives of
a Gaussian shape with the appropriate orientation. The
minimum response of both filters is taken as an indica-
tor of the degree of a pixel belonging to a curvilinear
structure. This procedure is repeated at several scales,
and the maximum output along them gives the final es-
timation.

Azzopardi et al. [28] presented a Shape-based algo-
rithm that leverages the difference of Gaussians – which
is the subtraction of the same image blurred with differ-
ent Gaussian kernels. They define a B-COSFIRE filter
as the weighted harmonic mean of blurred and shifted
Difference of Gaussians (DoG). The weights are com-
puted as the ones that ouput the maximum value when
processing a flat bar-shaped pattern. Multiple orienta-
tions are considered by rotating the pattern, computing
the weights and applying the corresponding filter. The
pixel-wise maximum response is stored across different
orientations.

Matched Filter Response (MFR). MFR is a template-
matching technique that leverages the fact that linear
filters enhance areas similar to the kernel reflected with
respect to the origin, which will hold the role of the tem-
plates. In MFR, a range of linear filters are applied, usu-
ally including rotated versions of the same filters. Af-
terwards, their response is merged pixel by pixel into a
single result.

Chaudhuri et al. [13] presented a Template-Based
method whose filters are cropped 1-D Gaussian shapes
along a direction. Further, a constant is added so their
mean is zero, and they consider 12 rotations of the same
kernel. Only the maximum response is retained. Hoover
et al. [14] use this same methodology and further post-

process the results by applying an iterative algorithm to
select the best threshold while facing uneven illumina-
tion, bridging gaps, preventing loops, etc. Both methods
follow a Shape-Based strategy given the use of MFR.

Panagiotakis et al. [100] published an enhancement
algorithm that processes geophysical images. Wavelet-
based noise reduction preprocesses the original image.
Their method is based on MFR: multiple filters are ap-
plied and the pixel-wise maximum response is stored.
An histeresys-based procedure is used to classify pix-
els as either (i) surely belonging to a curvilinear object,
(ii) surely not belonging to a curvilinear object and (iii)
uncertain pixels, providing thus a region-based segmen-
tation.

3.1.2. Edge Enhancement Filtering.
This category includes the methods that explicitly

compute the edges of the image before segmenting the
curvilinear structures. All of them are, of course, edge-
detection based algorithms. Different applications may
focus in distinct feature. Since each edge detecto cap-
tures slightly different types of edges, the best one in
some situations may be different than in others.

Zhao et al. [69] segmented roads from satellite im-
agery with a User-Assisted algorithm. Their method
processes grayscale images with the Canny edge de-
tector, which provides a binary mask. Edge pixels are
linked if they are close, forming line patches. They
are broken if there is a sudden change of direction, and
linked together if their endpoints are close and their ori-
entation is similar. Afterwards, a user assisted proce-
dure uses this information and a road-likeness estima-
tion provided by a commercial software to create the
road map.

Candamo and Goldgof [84] segmented wires from
low-altitude aircraft flight. They computed edges as a
combination between the Canny edge detector and a se-
ries of morphological operations. Since wires are as-
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sumed to be straight, one-pixel width lines, this edge
map is postprocessed with a line-fitting procedure to ex-
tract the wires. The same authors extended their method
by considering the Hough transform as a postprocessing
algorithm [10]. These two algorithms are classified as
edge-based filters since this edge detection is what con-
stitutes the nature of the methods themselves. However,
both the line-fitting procedure and the Hough transform
are introduced later in this classification.

Lemaitre et al. [101] presented a general curvilinear
region detector, aimed at detecting wiry objects in mul-
tiple types of 2D images. At multiple scales, the edges
are detected and linked, and a series of postprocess-
ing operations remove potential false positives and du-
plicates on different scales, and considers bifurcations
and crossings of curvilinear objects. The edge detec-
tor is based on the Canny operator, and they search for
pairs of edge taking into account their geometric prop-
erties. The posterior procedure ensures that the selected
regions have regular shapes.

3.2. Mathematical Morphology.

The operators of mathematical morphology are sim-
ple, local and non-linear operations that, when properly
combined, provide complex and elaborated results. We
will consider as morphological those methods that in-
tegrate these basic operations towards segmentating the
objects of interest. They are often based on two opera-
tors: the dilation D, that enlarges bright areas, and the
erosion E, that diminishes them. A wide variety of oper-
ators can be defined by composing them, either sequen-
tially or iteratively (e.g. until no changes are observed).
For an extensive summary of morphological operations,
see [107, Table 9.1]. Although only simple operations
are the foundations of morphological operators, when
they are properly combined they provide complex re-
sults. Due to their local behaviour, they are suited to de-
tect specific objects (like skeletons, convex hulls, etc.)
but they are limited with regard to the global informa-
tion they can use. When compared to linear filters, they
have more expressive power but a higher computational
complexity.

3.2.1. Grayscale Mathematical Morphology.
It is the natural extension of binary mathematical

morphology – originally developed for two-dimensional
black-and-white images – to deal with single-channel
grayscale images. One of its most common extensions

to deal with grayscale images is the threshold approach
[108, Sect. 3.1]. Conceptually, the threshold approach
creates a grayscale operator from a binary operator as
follows:

• The original grayscale image is decomposed by
thresholding it with all possible pixel values.

• Each of these binarizations is processed with the
corresponding binary morphological operator, ob-
taining one output per each slice.

• Finally, the results are merged by assigning each
pixel to the supremum value of the slice that pro-
vided a positive output.

The grayscale morphology obtained with the threshold
approach uses flat structuring elements (that is, a binary
mask). With this procedure, we obtain the grayscale
erosion EgpA, Bq and the grayscale dilationDgpA, Bq as
follows:

EgpA, Bqpxq “ min
Bpyq“1

tApx` yqu,

DgpA, Bqpxq “ max
Bpyq“1

tApx´ yqu.

where A is the image and B the structuring element.
Zana and Klein [15] presented a Pixel-Based method

using Grayscale Mathematical Morphology operators.
Their algorithm enhances pixels belonging to linear seg-
ments with the sum of 12 directional top hat operations,
defined as the original image minus the dilation of its
erosion. They further enhance the curvilinear structures
by studying their curvature. Noise is removed with both
a preprocessing operation and a postprocessing filtering,
both of them based on morphological operations.

Mendonça and Campilho [17] introduced a shape-
based algorithm that consists on (i) ridge detection, (ii)
morphological curvilinear-object enhancement and (iii)
curvilinear-object reconstruction. For (i), they impose
the Difference of Offset Gaussian cross-section in a
matched-filtering fashion, and search for maximums at
multiple scales, obtaining the centerlines. For (ii), they
use a modified version of top hat transform. They firstly
compute the closing (erosion of dilation) of the image
with a circular structuring element of radii equal to 1
pixel. From this result, they compute the opening (di-
lation of erosion), with circular structuring element of
different sizes to handle multiple scales. The modified
top hat is the subtraction of the original image minus the
opening of the closing, or zero if this provides a negative
value. The top hat transform at each scale is processed
with an hysteresis operation. In (iii), the results of (i)
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and (ii) are merged by iteratively combining the center-
lines with the vessels enhanced at multiple scales.

Fetita et al. [43] extracted airways from CT scans
with a Region-Based morphological approach. Their
method uses the so-called flood size-drain leveling mor-
phological operator. It generates a brighther image and
then applies a morphological reconstruction by erosion
with the original one. This procedure fills the “holes”
that curvilinear objects represent, and may be recov-
ered by simple subtraction. The segmentation is post-
processed, retaining only the segments connected to the
trachea.

Fraz et al. [26] introduced a Shape-Based method in
which centerlines are detected with a First order Deriva-
tive of Gaussian (FoDoG) filter applied in four direc-
tions, and then vessels are reconstructed by means of the
top-hat transform and reconstruction. The summation
of morphological top-hats with directional structuring
elements (i.e. 8 rotations of a bar shaped mask) is used
to create the map of blood vessels, which contains the
information of its two highest bits, since they contain al-
most all the visual information. Finally, the pixel-wise
segmentation is computed by means of a binary recon-
struction. The centerline pixels are the seeds whereas
the growing mask is composed of the pixels such that at
least one of its two highest bits of the top-hat transform
is equal to 1.

Roychowdhury et al. [30] presented an iterative
method based on region growing. They obtain a first es-
timation by performing a top hat transform (the opening
subtracted from the original image) of the inverted green
channel, obtaining a rough estimation by thresholding
it. The iteration consists on selecting as seed points both
(i) the whole previous iteration and (ii) some new pixels
from the top hat transform (according to an iteration-
dependent threshold). This seed points are set to 1, and
then a hysteresis is performed with thigh “ 1 and an also
iteration-dependent tlow. The stopping criterion tries to
maximize the accuracy of the final estimation by pre-
dicting the number of false positives, false negatives,
true positives and true negatives from the previous and
actual iteration.

3.2.2. Fuzzy Mathematical Morphology.
It is a paradigm that generalizes the Mathematical

Morphology to deal with the uncertainty found in the
acquistion or postprocessing of images [109]. Assum-
ing that grayscale values range in r0, 1s, it uses fuzzy
aggregation functions along with multivalued structur-
ing elements to perform the basic morphological op-

erations. In this case, the definitions of fuzzy erosion
EIpA, Bq and fuzzy dilationDCpA, Bq are:

EIpA, Bqpyq “ inf
x

I
`

Bpx´ yq, Apxq
˘

,

DCpA, Bqpyq “ sup
x

C
`

Bpx´ yq, Apxq
˘

.

where C is a fuzzy conjunction and I a fuzzy implication
[110].

Bibiloni et al. [29] presented a method in which, fol-
lowing the work in [15], the curvilinear structures are
enhanced with a top-hat transform. In their method,
they use a Gaussian-shaped structuring element, the
minimum operator as a fuzzy conjunction and its resid-
uated implication. They use a local histogram equal-
ization for contrast enhancement and a hysteresis pro-
cedure to prioritize connected components. Due to the
behaviour of the hysteresis, it becomes a Region-Based
algorithm.

3.2.3. Path openings and closings.
They are morphological operators that were specially

developed to detect and extract curvilinear structures.
Originally introduced by Heijmans et al. [111], path
openings and closings extract the pixels that are con-
nected with at least L other pixels constrained to a di-
rectional adjacency matrix (for instance, they restrict the
possible connected pixels to the upper and right pixels
in their 8-neighbourhood). They only allow a small de-
viation with respect to a straight line. As an extreme
example, a spiral would be recognized as a number of
tiny, nearly straight segments. Several algorithms have
been developed to compute them with an acceptable
efficiency. Besides, they have been used with incom-
plete paths and in high-dimensional settings [112, 113].
However, several adjacency matrices should be used to
detect lines with different orientations.

Valero et al. [67] presented a road segmentation
method based on morphological profiles. They are
pixel-wise vectors that represent different results ob-
tained when sweeping a parameter. In their case, the
morphological profile represents the output of grayscale
path openings and path closings with different minimum
lengths. It is used to extract an indicator of the length of
the path that crosses each pixel, which is thresholded to
obtain the road pixels, becoming thus a pixel-wise seg-
mentation method. Such indicator is estimated as the
minimum length such that the grayscale level provided
by the path opening or the path closing is below the me-
dian gray level of road pixels in the image.

Sigurðsson et al. [40] extracted retinal vessels with
a region-based algorithm. The preprocessing consists
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on Contrast Limited Adaptive Histogram Equalization
(CLAHE), a 3 ˆ 3 Gaussian smoothing and a small
opening aimed at removing small and isolated points.
Two features are extracted: the black top hat, to ex-
tract locally dark regions, and the Difference of Gaus-
sians, to enhance edges. A third feature is provided by
a path opening algorithm, aimed at recovering oriented
and connected curvilinear objects. Finally, these fea-
tures are interpreted as fuzzy sets and fusioned into a
single indicator based on the multiplicative class.

3.3. Image transforms.

Other approaches decompose the original image into a
basis, yielding one coefficient per element of the ba-
sis that, broadly speaking, indicates how much the ba-
sis element is found within the original image. They
are usually invertible – the original image can be recov-
ered from its coefficients – and have an orthogonal basis.
Although mathematically speaking they should always
admit an inverse, we also include some transformations
that do not fulfill this property but still describe the im-
age as a series of coefficients. These coefficients can be
seen as another representation of the original image that
yields in an abstract space, the transformed space. This
representation may expose useful properties that were
hard to extract from the original image otherwise. Both
their computational complexity and their expresiveness
depend on the actual transformation used.

3.3.1. Hough and Radon Transforms.
The Radon transform computes its coefficients as the

line integrals along each straight line, and it is applied
over 2D functions with a continuous domain. The orig-
inal Hough Transform, which handles discretized im-
ages, is tightly related to the Radon transform. It pro-
vides the summations along each straight, one-pixel
width line. The latter can be seen as a discretization
of the former, although it was instead defined to detect
straight lines in black and white images [114]. In both
cases, the considered lines range over the possible loca-
tions and orientations, and are not bounded except for
the image limits. The basis is, thus, the set of all lines
that cross the image, and the coefficients are obtained
by adding up all the pixel’s values that this line goes
through. The original Hough transform is efficiently
computable and a good estimator to detect straight lines,
but it is not suited to detect curved structures or short
segments. The Hough transform has been generalized

to detect any shape that can be parametrized, but the
computational requirements increase quickly with the
addition of more parameters.

Palti et al. [61] use the Hough Transform to fit a
second-degree curve in a sliding window, providing a
Shape-Based method to detect a guide-wire. After pre-
processing the image, the Hough transform is applied
to find the curve of the form y “ ax2 ` bx ` c that
yields the greatest sum along its pixels. This curve fit-
ting mechanism is applied in a 71 ˆ 71-pixel window,
and its results are used to compute the solution in the
next window, with which it overlaps partially.

Huang et al. [99] extracted the curvilinear wrinkles
in human hands to calculate the similarity between two
palmprints. They introduce a version of the Radon
transform that they call the Modified-Finite Randon
Transform (MFRAT) to avoid the periodicity assump-
tion of the Finite Radon Transform (FRAT). It consid-
ers bounded segments in a given grid instead of lines. It
provides a local best-line estimator, including its orien-
tation and the energy of each segment. Besides calcu-
lating the energy, a threshold is applied and some more
postprocessing is done, becoming thus a method Based
on Pixels.

Krylov and Nelson [115] published a Pixel-Based al-
gorithm to segment curvilinear structures. They divide
the image into an overlapping grid of square regions and
use the finite Radon transform to find segments in them.
They define a pixel-wise energy term and remove weak
candidates by applying a threshold.

3.3.2. Continuous Wavelet Transforms.
Continuous Wavelet Transforms (CWT) constitute a

family of transforms that provide a different insight of
the information contained within an image. These trans-
forms are carried out with wavelets: functions that be-
gin and end at zero – leading to a local behaviour – with
a wave-like shape that provides information about the
“frequency” of the images – intuitively speaking, in-
formation that explains how the image evolves along
its axis. Although “local frequency” may seem contra-
dictory in itself, these transformations employ a sliding
window, big enough to contain frequency information
but small enough to separate different parts of the im-
age. The Morlet wavelet is, essentially, a complex expo-
nential windowed with a Gaussian function [116]. Since
images are considered to be real-valued, only the real
part of the transform is needed to convey all its infor-
mation. A more elementary version of it, often referred
to as the Modified Morlet wavelet or Gabor wavelet, is
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not invertible neither normalized [117], but is concep-
tually simpler. Other families are generated with other
mother wavelets, which can be seen as the prototype of
all basis elements.

Subirats et al. [82] detected cracks in pavement using
the Continuous Wavelet Transform. Specifically, they
use the 2D CWT rotated 0˝ and 90˝ at different scales
with the Mexican hat function as mother wavelet. At
each scale, this setting provides two features with which
they extract a maxima location map. Afterwards, these
maxima maps are merged into a single-scale map from
the lowest resolution to the greatest one. Finally, the
binary output is computed by thresholding, providing
thus a Pixel-Based method.

Batool and Chellappa [86] presented an algorithm
that enhances curvilinear structures with Gabor filters
to detect facial wrinkles. The output of each Gabor fil-
ter is normalized across the pixels of the image. Then,
the enhanced image is created by assigning to each pixel
the maximum response of the normalized Gabor filters.
Afterwards, they use this enhanced image to trace wrin-
kles in them with a region-growing approach, making
the algorithm a Region-Based one. A further refinement
reduces false positives. Cula et al. [88] also used Gabor
filters to detect wrinkles. In their case, the local orien-
tation is estimated in a local window. Only one Gabor
filter is applied at each location, oriented according to
the local orientation and manually tuned.

3.3.3. Beamlet Transform.
Another technique based in wavelets is the beam-

let transform, introduced by Donoho and Huo [118].
The beamlets are the elements of the basis of this
non-invertible transform. They are segments contained
within the image domain (the so-called beamlet dictio-
nary). Each coefficient is then computed as the inte-
gral over the corresponding segment. The beamlet dic-
tionary is obtained by setting a distance between ver-
tices δ and a J P N number of dyadic squares (sub-
grids obtained by splitting the original images into sub-
squares, dividing the length of the grid between two for
each j “ 1, . . . , J). Instead of considering all possible
segments between all pair of vertices (which would in-
clude a huge amount of segments, adding up to Opn4q

for nˆ n-pixel images), in each scale only the segments
that connect two vertices within a subsquare are consid-
ered (which yields Opn2q segments).

Berlemont and Olivo-Marin [119] used a Region-
Based strategy with beamlets to segment curvilinear
structures in noisy images. To compute the beamlets,

they use a method based on the Fast Fourier Transform
after the use of steerable filters on the original images.
They normalize the coefficients and select the beamlets
that provide more information. Afterwards, the signifi-
cant beamlets are linked to each other to obtain the final
list of curvilinear objects.

3.4. Probabilistic and Statistical Models.

This category embraces the methods that base the de-
tection of curvilinear objects on the use of probability
theory, statistical distributions or statistical tests. Al-
though most methods use probabilistic tools (e.g. when
estimating the variance of a indicator), we only consider
within this category the ones whose nature is, almost en-
tirely, probabilistical or statistical.

Both their expressive power and computational re-
quirements depend greatly on the specific technique.
However, given that they are theoretically well founded,
they tend to be very expressive.

3.4.1. Marked Point Processes.
A Spatial Point Process is a probabilistic model of the

distribution of a (usually finite) number of points in S Ď
Rd. A Marked Point Process is a spatial point process
in which each point has some metadata associated with
it, so instead of considering realizations as x Ă S , they
will have the form tpx1,m1q, . . . , pxn,mnqu “ px,mq Ă
S ˆ M.

Typically, each point pxi,miq corresponds to a seg-
ment, in which xi is the center of the line (so S Ă R2,
that corresponds to the scene), and mi “ pwi, li, θiq are
its width, length and orientation.

The real scene is digitized on a finite pixel lattice, the
digital image. We consider points as being segments
in the scene (being the center, length, width and orien-
tation real numbers) and decide which set of segments
represents best the scene by considering the only infor-
mation we have about it: the discretized image. Marked
Point Processes techniques pick the best combination
(according to a probability measure) of marked points –
or segments – that represent the scene. That is, Marked
Points Processes techniques provide a solution by min-
imizing some energy function, which is composed of
two terms:

• The Data Energy Term. It depends on the image
being processed, and represents the statistical sig-
nificance of a region of pixels being part of the
structure.
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• The Interaction Energy Term. It is computed from
the subset of marked points considered (that is, the
segmentation). It can be seen as the prior prob-
ability model, describing how the structure usu-
ally behaves. It can introduce geometric properties
or constraints, for instance specifying how marked
points interact with each other.

In [66], Stoica et al. use a Gibbs point process to seg-
ment roads from remotely sensed imagery. That is, one
in which the probability density is a Gibbs measure that
takes into account the energy computed from the image.
As data energy term, they consider a segment to be part
of the network of curvilinear structures if the average in-
tensity of the pixel’s segments (assumed to be Gaussian
distributions) are different from those situated at both
sides. The interaction energy term penalizes short, not-
connected and overlapping segments. The region-based
solution formed by the selected set of segments is com-
puted with the Reversible Jump Markov Chain Monte
Carlo (RJMCMC) algorithm. Lacoste et al. [32, 70]
extended this work by considering gradual coefficients
to describe the satisfiability of a condition and an im-
proved data energy term that considers the homogeneity
of regions. Ferraz et al. [72] also used the same statisti-
cal model to segment roads in forests.

Batool and Chellappa [87] used a Gibbs point pro-
cess to extract wrinkles from human faces with the same
region-based approach. The “data energy” they use is
the output of a Laplacian of Gaussian filter, and their
“interaction energy” rejects congested areas. They also
use the RJMCMC algorithm.

3.4.2. Other Probabilistic and Statistical Models.
Draper et al. [59] introduced a pixel-based method

that localizes the needle in breast biopsies. To face
the speckle noise and enhance the needle, their method
estimates the variance in each pixel’s neighbourhood,
which describes the nature of the whole method. Since
the needle is much brighter than the background, its pix-
els will present high variance. This variance is com-
puted in a squared window in which all pixels have the
same influence. Some postprocessing operations, in-
cluding a binary closing to smooth the edges of the nee-
dle detected, provide the final segmentation.

Narasimha et al. [23] used statistical hypothesis tests
to discriminate vessels in retinal eye-fundus images.
Their region-based method labels pixels as being part of
a vessel according to a hypothesis test, in which H0 in-
dicates the absence of a vessel through the pixel, and H1
otherwise. For doing so, they consider two features of

the model of vessels: (i) it should be locally linear with
parallel edges along a particular orientation and (ii) its
cross-section profile should be specific. They consider
a variety of profiles to detect vessels with central reflex
– a specific kind of noise in which a bright region ap-
pears in the centerline of the vessel. The Dual-Gaussian
model [16] is the profile that yields the best results. This
model was rediscovered by Xiao et al. [120] under the
name of Bi-Gaussian function. It generalizes the Gaus-
sian kernel and obtains a behaviour more similar to that
of a rectangle kernel. Besides handling central reflex, it
also provides a trade-off between noise suppression and
separation of close structures. The cross section profile
is defined as a piece-wise continous function composed
of two Gaussians, one for points close to the center and
another Gaussian shape, escalated to preserve continu-
ity, describing the rest of points.

3.5. Deformable Models.

In this broad category we include all methods in which
a model is adapted to fit the curvilinear structure repre-
sented in the input image. Depending on the approach
with which the model is adapted to the image, they are
further subdivided into Parametric Fitting techniques
and Active Contours.

3.5.1. Parametric Fitting.
Includes the techniques in which a usually small

number of parameters control a predefined model.
Whereas some aspects of the model may be modified
(e.g. size, eccentricity, etc.), others remain fixed (for in-
stance, its tubular appearance). Often, a local model is
stated to detect small areas of the image belonging to
the object of interest. The whole segmentation is, thus,
given as the union of all chunks fulfilling the model,
which are usually found with a tracing algorithm.

Abdul-Karim et al. [39] consider a model that gener-
alizes 3D cylinders: those regions in which the 2D cross
section profile present a specific behaviour in the four
directions p´x,`x,´y,`yq. Local maximum intensity
voxels provides seed candidates. They are the starting
points for tracing, which continues until the model is
violated, following thus a shape-based strategy. Among
other features, the tracing procedure takes into account
the distance between consecutive centerlines and their
angle.

Barva et al. [60] model a curvilinear object as a
three-dimensional cubic curve and use the randomized
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RANSAC algorithm [121] to find the best match. Re-
peatedly, four points are randomly selected and interpo-
lated with a cubic curve. This curve is used to estimate
inliers and outliers, and a curvature measure is taken
into account to avoid excessive oscillations. The quality
of each solution is estimated, and the whole procedure
ends when the probability of finding a better model is
low. Afterwards, they refine the method by estimating
the endpoints based on statistic-based parameters. It can
be classified as a Region-Based algorithm.

Tyrrell et al. [103] segmented curvilinear structures
with an algorithm based on shapes. The deformable
model they use to extract such shapes is the Cylindroidal
Superellipsoid: an explicit, low-order parametrization
that provides the centerline and border location of a
curvilinear segment. A generalized likelihood ratio
test is used to distinguish superellipsoids that represent
curvilinear structures from the ones containing noise
and artifacts. To combine local segmentations, a tracing
algorithm is executed in a greedy way while refining the
cylindroid parameters.

Wang et al. [20] presented a shape based algo-
rithm with an unusual but powerful multiscale approach.
Firstly, the image is divided as a series of nested grids,
which provides overlapping square regions. In each
region they estimate the parameters of their model,
f pxq “ Gpxq`Bpxq`npxq, where the curvilinear object
Gpxq is modelled as a 2-D Gaussian, the background
Bpxq is thought of as a piece-wise linear region and
npxq is additive Gaussian noise. A subset of disjoint re-
gions are selected with a bottom-up approach from their
over-represented grid, prioritizing the scale at which the
model best explains the subimage. The curvilinear bi-
nary tree is segmented with a Markov Chain stochastic
process that maximizes a posterior probability.

Padoy and Hager [56] used a spline derived from a
set of points to create a region-based algorithm in a se-
quence of stereoscopic video frames. More specifically,
they use a non-uniform rational basis spline (NURBS).
They handle it as an energy minimization problem, with
a term to enforce the curvilinear shape (distance to clos-
est ridge) and the texture (distance to closest pixel with
specific color), and a second term enforcing the in-
extensibility (constraining local changes of arc-length
in subsequent frames). This tracking procedure can be
seen as a Region-Based algorithm.

3.5.2. Active Contours.
This subcategory includes all those methods in which

the solution is provided by means of an elastic route ob-

tained by iteratively minimize a certain function. This
function is thought as the “energy” of the solution, and it
is typically affected by different terms (e.g. the amount
of connected components of the estimation, how they
are related with the gray values, and the like).

Snakes [122] constitute one example of active con-
tours. They are models that can be used to segment
shapes. They are active contours that are pushed by
several forces, both internal and external. The inter-
nal force only depends on the snake itself, and usu-
ally enforces smoothness contraints: they include ten-
sile forces (to uniformly distribute the nodes) and flex-
ural forces (to control the bending). External forces are
those that couple the snake to the image. Typical infla-
tionary forces push the snake towards the edges of the
object of interest, whereas user-defined external forces
provide the capability of pulling the snake out of a local
minimum to reach a better one. Lagrangian dynamics
are used to evolve the snake into a optimal state regard-
ing its affecting forces.

Other approaches include active contours based on
other vector fields, like the Gradient Vector Flow
(GVF), which is classified as p0, 1q-tensors later on.

McInerney and Terzopoulos [123] introduced Topol-
ogy Adaptive Snakes or simply T-snakes. A T-snake
is a set of nodes which, connected in series, form a
closed 2D contour. Unlike traditional snakes, a Topol-
ogy Adaptive Snakes dynamically changes its nodes and
interconnecting elements. The image is decomposed
into a grid of cells (the so-called ACID grid). The evo-
lution of the snake is divided into two phases, which
are alternated. The first one corresponds to the La-
grangian dynamics phase, and during the second one,
the T-snake is reparametrized by computing the inter-
section between the T-snake and the ACID grid. This
last phase, the topological one, provides the adaptabil-
ity needed to segment complex structures. Besides, to
avoid loops, the model is not allowed to go backwards.

Al-Diri et al. [24] segmented vessels in retinal im-
ages with a related active contour: the ribbon of twins.
Each ribbon of twins contains four active contours, and
tries to capture both edges of a vessel. The two in-
ner contours are linked with a force to maintain ves-
sel width consistently, whereas each of the outer con-
tours move towards their respective inner one. Since
this model only works well with segments, they have
to be joined afterwards with some postprocessing. Be-
sides, the initialization of each ribbon of twins needs
some clues about its approximate location, needing thus
a rough estimate of vessel centerlines as a preprocess-
ing step. Given the nature of this active contour, this
constitutes an edge-based method.
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3.6. Tensor-based techniques.

Tensors are a generalization of scalars and vectors. This
category includes methods that make use of the infor-
mation contained in a vector field or another vector bun-
dle. The notion of tensors is appropriate to describe first
or higher-order derivatives.

3.6.1. p0, 1q-tensors.
They are methods focused on a p0, 1q-tensor or a vec-

tor field. That is, methods that compute one vector per
pixel.

The gradient, which is an instance of vector field,
can be approximated with the help of convolutions. Let
Gpxq be a smoothing Gaussian shape and A an image.
Then, we have that:
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Since the derivatives of the Gaussian shape G can
be precomputed, the method is fast and does not intro-
duce further numeric errors. Besides, the variance of
the Gaussian shape can be incremented to remove the
effects of noise – since more pixels contribute to com-
pute the same derivative – or diminished so that sharp
and close areas are easily detected. This is a tuneable
computation to get a good trade-off between exactitude
and robustness.

Vasilevskiy and Siddiqi [35] defined a flow using the
gradient of the image as a vector field, and used it to
extract vessels in different angiography image types.
The segmentation is circumvented by a closed curve. It
evolves so that the inward flux, along with some regu-
larization parameters, is maximized. Since the segmen-
tation is then set to be the inner part of the curve, it can
be considered an edge-detection based algorithm.

Sanders-Reed et al. [85] detected wires in low-flight
imagery with an pixel-based algorithm developed in
Boeing-SVS, Inc. After some noise-reduction prepro-
cessing, the pixel-wise gradient is estimated with two
5 ˆ 5 convolution kernels. Per each pixel, the method
adds the gradient of its neighbours weighted by their
corresponding mask value Kn “ ˘1. Depending on the
resultant vector, the pixel is classified as uniform gradi-
ent, line or noise area. To fill holes, 16 orientations of a
41ˆ 41-pixel bar-like kernel are considered. If enough
pixels are found within some rotation of the bar-like ker-
nel, the central point is also set to 1. Besides, temporal
and other spatial filters are applied to further refine the
results.

Pu et al. [51] segmented the human airway tree with
a shape-based segmentation algorithm. Firstly, the lung
volume is estimated and kept as mask (with a histogram-
dependant thresholding). The nature of the method is
given by the curvature of 3D airways, which is com-
puted by means of the finite-difference analysis of nor-
mal vectors, which yields reasonable accuracy and low
computational complexity. The curvature is used to dis-
criminate objects that are not cylindrical. A postpro-
cessing step removes false positives and negatives by
reconsidering the labels of isolated regions with respect
to the whole segmented tree.

Zou et al. [11] segmented road cracks with a ten-
sor voting algorithm. Firstly, they apply a texture-
preserving illuminance compensation to compensate
any shadows, a geodesic shadow-removal algorithm
(GSR). It consists on a morphological closing followed
by a 2D Gaussian smoothing, a generation of contour-
lines with N thresholds, and finally illumination com-
pensation. Secondly, they perform detection with a lo-
cal intensity-difference measure and tensor voting. The
former is achieved by comparing the intensity of one
pixel with its 8 neihbourhood and extracting those val-
ues lower than a threshold depending on the global his-
togram. Tensor voting finds principal directions accord-
ing to surrounding pixels, considers an oriented cone
at each point and enhances curvilinear objects that may
appear within the cone, being thus a shape-based ap-
proach.

Ferraz et al. [72] detected roads in forests using Dig-
ital Elevation Models (DEM). Their characterization is
based on the slope and the aggregated multi-scale slope,
as well as in the homogeneity of the regions. Using
random forests and these three pixel-wise features, their
method estimates whether a pixel belongs to a road seg-
ment. The final estimation is computed by means of the
global statistical model from Stoica et al. [66], so the
method provides Region-Based segmentations.

Gradient Vector Flow (GVF). Introduced by Xu and
Prince [124], the GVF is a vector field obtained by min-
imizing an energy functional over the whole image. It is
a vector field similar to the gradient but aimed at over-
coming some of its weaknesses: the GVF has a wide
range of capture (i.e. points far from edges are still at-
tracted to them) while is still influenced by pronounced
concavities (i.e. points with close edges are still slightly
affected by further edges). It can be considered an edge-
preserving diffusion of the gradient vector. Besides,
it requires an appropriate initial vector field where the
vectors point towards the centerlines of the structures
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of interest and whose magnitude estimates the edge-
likeliness.

Bauer and Bischof [22] use the GVF in their Pixel-
wise method. They compute the gradient of the GVF
and estimate if a pixel belongs to a curvilinear structure
using its eigenvalues, in a similar way to [12]. A simple
thresholding provides the centerlines of the curvilinear
structures. Bauer et al. [48] extend their work to recon-
struct the whole curvilinear structure from the center-
lines. It consists on region-growing procedure that uses
the fact that the gradient magnitude increases until the
boundary of the object is reached.

3.6.2. p0, 2q-tensors.
Some methods use more information than just a vec-

tor per pixel. This subcategory includes the techniques
that use p0, 2q-tensors, which is a matrix per each pixel.
Such amount of elements increases the computational
requirements but potentially provides more information.

Hessian matrix and analysis of its eigenvalues. The
Hessian may be estimated by convolving the image with
the derivative of a kernel (usually the second-order par-
tial derivatives of Gaussian shapes). This is done in a
similar way in which the gradient was approximated.

Steger [68] models lines as 2D curves with a spe-
cific profile. They detect the orientation of a line from
the eigendecomposition of the Hessian, and estimate its
strength as the absolute value of the second directional
derivative across this orientation. They later link points
to create lines, based on the orientation of the line, its
strength and the sub-pixel location of the potential line
in a greedy fashion, making use of a Shape-Based strat-
egy.

Frangi et al. [12] popularized the use of the Hes-
sian matrix and the analysis of its eigenvalues. Such
eigenvalues describe the principal directions in which
the second-order structure of the image can be decom-
posed. With 3D images, a tubular segment is charac-
terized if and only if one eigenvalue is small in absolute
value and the other two are large in absolute value. They
introduce a measure, the so-called vesselness measure,
which is based on the eigenvalues and captures this be-
haviour, which is a pixel-wise estimator of belonging
to the curvilinear object. Since they do not provide a
binary segmentation, their method can not be classified
according to its segmentation strategy. It is a curvilin-
ear object enhancement filter, and has been used in a
variety of situations [27, 31, 91, 95, 125]. The work is
extended by Sato et al. [126] and Deguchi et al. [127],

who provide a tightly related curvilinear measure, and
by Huang et al. [128], who use a single-scale filter to
compute the Hessian matrix, to address the problem of
separating close tubular structures in noisy images. Xu
et al. [53] used the vesselness measure along with other
information to improve the quality of their segmenta-
tion.

Staal et al. [9] presented a shape-based method that
locates the ridges and then reconstruct the whole curvi-
linear structure. The ridges are situated where the gra-
dient changes sign in the direction of largest curvature,
given by the eigenvector with largest absolute eigen-
value of the Hessian matrix. They form ridges with a
growing algorithm based on a scalar field that takes ˘1
for ridges of local minima/maxima, and 0 elsewhere.
Then, several pixel-wise features basic photometric and
geometric features are computed: R, G, and B values;
estimation of the region of the pixel being a vessel, etc.
The binary output is obtained as the output of a kNN
classifier.

Zhang et al. [94] firstly detect centerlines with a gra-
dient vector tracking procedure, using their generaliza-
tion of GVF. Afterwards, to refine the results, they use
the eigenvalues of the Hessian matrix to distinguish dif-
ferent but close curvilinear objects. To do so, they use
the assumption that different objects will have different
shapes, which are distinghuised by the aforementioned
eigenvalues. Since this procedure provides the center-
lines of the objects of interest, the Fast Marching Algo-
rithm [129] finishes their Region-Based segmentation.

Optimally Oriented Flux (OOF). Introduced by Law
and Chung [36], OOF is a (0,2)-tensor that eases the
computation of the inward flux in the direction in which
it is minimum. Conceptually, they define a sphere with
a certain radii and study the aforementioned flow across
the sphere in each direction. Computationally, how-
ever, it is reduced to several convolutions, which can
be performed efficiently. It is aimed at separating adja-
cent structures, which is a weakness of the derivative-of-
Gaussian approach to compute the gradient or the Hes-
sian matrix. A multiscale analysis is possible by varying
the radii of the sphere.

Law and Chung [36], besides introducing the OOF,
introduced a method to segment curvilinear structures.
They compute the eigenvalues of the 3ˆ 3 OOF matrix
that provides such flux. Analysis of these values pro-
vides the Pixel-Based classification.

Benmansour and Cohen [33] segmented different
types of tubular structures using the OOF. They define
a pixel-wise anisotropic metric based on the eigenval-
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ues of the OOF matrix, in a similar way to Frangi et al.
[12]. Besides the original 2D or 3D domain, they add
an extra dimension that represents the radius of a line.
Therefore, a line in their extended domain represents
a curvilinear object in the original domain. The seg-
mentation is provided as a minimal path in the extended
space with the anisotropic metric. This final result is
computed by means of the Anisotropic Fast Marching
Algorithm, being thus a Region-Based algorithm.

3.7. Other Approaches.

In this last category, we group those methods that
do not fall into any of the previous categories. This
includes methods based on artificial intelligence ap-
proaches, algorithms based on growing a certain region
with a wavefront propagation strategy, and finally a se-
ries of diverse methods.

3.7.1. Learning Models.
This last category encompasses the learning methods

that base the segmentation on a pixel-wise automatic
classification. Unless otherwise stated, these methods
constitute approaches based on artificial intelligence
techniques. Therefore, they may consider a massive
number of features that, although being excesively large
for an expert system, is suited to be used with an auto-
matic learning approach. The computational complex-
ity depends on both the feature calculation – where the
expressive power lies – and the classifier itself. There-
fore, each individual method achieves a different trade-
off between ability to correctly detect curvilinear ob-
jects and calculation speed.

Soares et al. [18] introduced an Artificial Intelligence
method that leverages features based on oriented multi-
scale Morlet wavelets and a Bayesian classifier called
Gaussian mixture. In a pixel wise fashion, they con-
sider 18 orientations, two scales and one eccentricity.
With each combination, they apply the Gabor wavelet,
obtaining a different feature, which will be normalized
afterwards. Each pixel is classified with a Gaussian
Mixture Model, in which a linear combination of Gaus-
sian functions describes each class-conditional proba-
bility density.

Ricci and Perfetti [19] used Support Vector Machines
(SVM) to segment vessels in retinal images. The fea-
tures they consider are (i) a basic line detector – a simple
non-linear operation along a line-shaped template at 12

different orientations –, (ii) same as (i) but with a cross-
shaped structuring element, and (iii) the gray level of
each pixel. Features are normalized and used as input
to a linear SVM. In addition, the cost of false negatives
with respect to the cost of false positives is compensated
due to the asymmetry of classes.

Salem et al. [21] published a human-assisted method
that segments retinal blood vessels using a clustering al-
gorithm. The features considered are (i) the green chan-
nel intensity, (ii) the local maxima of the gradient mag-
nitude at multiple scales and (iii) the local maxima of
the largest eigenvalue also at multiple scales. The clus-
tering algorithm employed is a Radius based Cluster-
ing Algorithm (RACAL). Essentially, two samples are
assigned to the same cluster as long as their distance,
in the feature domain, is lower than a given thresh-
old. Their method constitutes an interesting human-
assisted strategy: with the clustering technique, they se-
lect only a reduced amount of significative samples, re-
ducing thus the amount of human interaction required.

Lo et al. [45] introduced an algorithm that uses the
k-Nearest Neighbours learning procedure. They con-
sider several local features, including the spatial deriva-
tives (up to and including second order), the eigenvalues
of the Hessian matrix and several indicators computed
from them. The rate of neighbours classified as vessel,
along with the orientation derived from the Hessian ma-
trix, are taken into account for segmenting the object in
a region growing fashion.

Honnorat et al. [58] introduced an algorithm to ex-
tract a guide-wire from fluoroscopic video frames. The
learning algorithm they employ is called Gentle Ad-
aboost given the asymmetric nature of their problem:
only around 0.15% of the whole image represents the
guide-wire. The features they consider are (i) steer-
able ridge detectors of third and fourth order at several
scales, (ii) difference of Gaussians at several couples of
scales, (iii) the variance of (ii), (iv) the variance of the
image minus the same image in the previous framesub-
traction (temporal) image. As postprocessing, line seg-
ments are obtained by clustering and some of them are
selected as being part of the guidewire, based on their
rank and orientation.

Saar and Talvik [81] extracted and classified road
pavement cracks with a supervised Artificial Intelli-
gence algorithm. They divide images in 96 ˆ 96-pixel
blocks, which are divided into 12ˆ 12-pixel subblocks.
Their supervised algorithm is a neural network with 7
inputs, 4 outputs and 21 hidden layers, which processes
entire blocks. The features considered are (i) an indica-
tor of the ratio of subblocks whose mean intensity val-
ues is lower than the block one, (ii) horizontal and verti-
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cal sums, (iii) median and maximum of the values corre-
sponding to summing column- and row-wise the pixels
block, (iv) two times the sum of the subblock thresh-
olded with a 11 ˆ 11-pixel convolution mask, with a
(iv.a) horizontal and a (iv.b) vertical bar-shaped kernel.
The four outputs correspond to the three types of cracks
and the non-crack output.

Becker et al. [90] presented an Artificial Intelligence
Based algorithm using a classificator based on Gradi-
ent Boosting. It is, like AdaBoost, a concatenation of
weak learners. To focus on local features, the employed
weak learners are based on convolutions with square-
windowed kernels.

Oliveira and Correia [80] presented an unsupervised
Artificial Intelligence method to segment and classify
road cracks from grayscale images. They divide the im-
age into 75ˆ 75-pixel non-overlapping windows, since
this choice offers a good trade-off between low compu-
tational requirements and low false positive detections.
Their method extracts two features per window, the av-
erage intensity of its pixels and their standard deviation,
and normalizes them. Different clustering algorithms
are employed to label each window and then create a
quadratic boundary decision between positive and neg-
ative pixels. The clustering techniques include the hier-
archical clustering and the k-means based on Euclidean
distances, although the best one appears to be the mix-
ture of two Gaussians.

3.7.2. Wavefront Propagation.
Some methods start with a seed and extract a region

iteratively, by considering the neighbouring pixels to the
ones already accepted, and include them or not based
on a specific criteria. Their expressive power is tightly
related to their acceptance criteria. It is often based
on local properties (e.g. the intensity of the pixel be-
ing checked), although can also take into account more
global information (e.g. the amount of pixels in the par-
ent branch). They tend to be fast methods, often used
in real-time applications. Some of them make use of
a user-provided seed point, being thus semi-automatic
methods. Of course, the computational complexity de-
pends on the acceptance criteria, which can be very ba-
sic or extremely complex.

Wang et al. [92] segmented axons from 3D mi-
croscopic image stacks. After a preprocessing step, a
tracing algorithm provides the segmentation. It lever-
ages three features of the curvilinear objects of inter-
est: (i) their smoothness (the centerline should only
have subtle deviations, which is estimated by the change

of direction of the eigenvector of the Hessian matrix
with the largest eigenvalue), (ii) their proximity (the eu-
clidean distance between two consecutive pixels should
be small) and (iii) their continuity (the intensity along
the central line should vary smoothly). It is a greedy
algorithm that runs in parallel in all axons contained in
the image. To face the situations in which more than
one axon merge into the same vertex, a reverse tracing
strategy is employed.

Van Rikxoort et al. [50] extracted airways from
CT scans with a Region-Based method. Their method
uses a wave-propagating strategy that considers a large
neighbourhood of 80 pixels and starts at the trachea,
which is relatively easy to detect. The voxels are ac-
cepted if their intensity is lower than an adaptive thresh-
old, or if the average intensity of a 3ˆ3ˆ3 cube is below
it. A group of voxels is accepted as a segment if it fits a
number of constraints that are concerned with its shape,
its radius with respect to that of its parents, its angle with
which the previous segment, etc. All of these contraints
are designed to minimize the leakage. Tschirren et al.
[49] presented a similar method in which the threshold
was increased until a sudden flood was detected, which
was seen as a leakage.

Feuerstein et al. [44] presented a region-based
method in which a wavefront propagation is performed
restricted to a local cube-shaped region. Firstly, a large
branch is quickly detected and the initial cuboid is
placed with the appropriate orientation and size. Within
it, a sharpening filter is applied and a wavefront prop-
agation algorithm is executed from the seed point, se-
lecting the voxels greater than a threshold. Afterwards,
bifurcations or trifurcations are detected by consider-
ing the connected components in the boundary of the
cuboid, and new cuboids are set in order to repeat
the process iteratively until no more child branches are
found.

Lee and Reeves [46] applied a similar idea in their
Region-Based method, in which a cylinder is consid-
ered instead of the cuboid. Instead of considering only
bifurcations or trifurcations, they allow multiple child
branches and limit leakage by considering childs only
on the end of the cylinder. Their region growing process
adds a new voxel if (i) it is the 6-connected neighbour
of a tagged pixel, (ii) its intensity is below a threshold
and (iii) the intensity of at least half of its 26 neighbours
is below a threshold. This last constraint is intended to
further prevent leakage, a very important drawback in
airway segmentation from CT scans.

Vlachos and Dermatas [25] presented a region-based
method to segment retinal vessels. A simple brightness
rule provides some seeding pixels which are the basis
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for a tracking procedure that terminates when a cross-
sectional model is violated. This tracking procedure
is employed at different scales, and a confidence map
is generated for each of them. The confidence map is
used to merge them into a single-scale response, which
is postprocessed with a median filtering and some mor-
phological operations to regularize the output.

3.7.3. Miscellaneous.
In the following, a series of methods that do not fall

into any of the previous category are introduced. Al-
though they are not widely used, the strategies used by
these methods may provide an original view to the prob-
lem of segmenting a curvilinear structure.

Several methods are based on merging rules, which
are basic statistical measures usually contrasted with
a fixed threshold. The merging process varies greatly,
but is usually implemented by means of conjunctions
and disjunctions. Tupin et al. [64, 65] used a line-
detection rule and a cross-correlation detector between
pixels in two regions. Chaudhuri and Samal [76] ex-
tracted bridges in multispectral satellite imagery by con-
sidering simple constraints such as “a bridge should be
a concrete structure”, “a bridge divides two water re-
gions”, “a bridge should have constant width”, etc. Qian
et al. [37] extracted vessels with a voxel-wise bright-
ness indicator bpxq and a voxel-wise tightness indicator
vpxq, to derive a voxel-wise curvilinear-object indica-
tor vpxq ¨ bpxq. We remark that the product operation
may be seen as a generalization of the binary and opera-
tor. Zwiggelaar et al. [98] detected spiculated lesions in
mammograms based on a orientation measure, obtained
by maximizing the grey-level sum of pixels within the
tube-like line model, and a strength measure, which is
the mean gray-level intensities along a line minus the
mean gray-level intensities of surrounding background.
Given their nature, all of them provide segmentations
based on pixels.

Liu et al. [78] introduced a Region-Based approach
to segment cracks in pavement by using the properties
of connected components. They used histogram equal-
ization followed by spatial filtering to obtain a rough
binary estimation. Their main contribution is the trans-
formation of this intermediate result into a fine-grained
segmentation. To do so, they studied the connected
components of the rough estimation, including their
number of pixels, the area of their circumscribed circle,
their directionality, etc. Their method is complex and
includes a lot of parameters in an attempt to consider as
many characteristics of cracks as possible.

Bismuth et al. presented a method to detect guide-
wires. Similarly to [71, 96] they apply voting to find
curvilinear structures. In this case, they find a very
large number of small segments – potential chunks of
the curvilinear object – which contains high levels of
noise. Then, each segment contributes to each pixel
a specific weight, and the pixels whose accummulated
weight is higher are seen as being part of a curvilinear
object. Besides, their method includes a top-hat trans-
form to preprocess input data and a pruning procedure
as postprocessing to refine the final result. Since they
use voting, the strategy to provide a segmentation can
be considered to be based on shapes.

Bauer et al. [54] segmented airways from CT scans
with a technique based on graphs. Their method outputs
a graph that represents the centerline of the binary curvi-
linear tree. Firstly, a rough estimation of graph is given
by the estimated centerlines. Then, it overcompletes
the graph by adding more potential centerlines between
nodes based on the intensity of the voxels and the ori-
entation of the original centerlines. From this graph,
they compute a directed and weighted graph which is
processed with a graph-based optimization algorithm to
select the final estimation of the curvilinear object’s cen-
terline. They do not provide a explicit segmentation.

4. Metrics and Comparisons

This paper is aimed at studying the strengths and
weaknesses of different mathematical techniques. To do
so, we have already classified the algorithms according
to the technique they use in Sect. 3. In this section, a
comparison of the algorithms will be presented accord-
ing to an appropriate methodology.

Although our goal is to compare the different math-
ematical approaches, we can only compare objectively
the algorithms that employ them. However, if we as-
sume that the selected algorithms provide representative
results, we can infer that a better algorithm probably
uses a better mathematical formulation of the problem.
This reasoning allows us to infer which mathematical
tools are better depending on the specific problem.

In the following, the metrics used are firstly intro-
duced, and the comparisons follow them. Each bench-
mark is evaluated with as many algorithms as possible,
and their results are summarized in Tables 5, 6 and 7.

4.1. On the Comparison of Algorithms
The visual comparison of results is useful as a first

indicator, but is not enough to decide which method is
better. Actually, the definition of better must be formal-
ized, and it may be different depending on the objective
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of the algorithm. The objective comparison of methods
will depend on the performance measure used and on
the set of processed images. Once they have been es-
tablished, statistical tests must be used to provide confi-
dence of the superiority of one method over another.

Firstly, a performance measure is an indicator of the
similarity of a estimation with the desired result. This
objective metric used should be selected according to
the final task, which is not the segmentation itself but
the further extraction of information. For instance, one
application may use the number of branches detected
as a key indicator, whereas another may need an accu-
rate estimator of the length of the curvilinear tree object.
Different performance indicators may provide distinct
results: the methods that obtain high results with one
metric can perform badly with others. Therefore, con-
sidering a series of performance measures complements
our study by showing different points of view out of the
same results.

Secondly, the same dataset must be processed with
the methods that will be compared. Of course, only
methods that process the same inputs can be compared
in terms of their outputs. A dataset or benchmark com-
prises a series of images and their associated ground
truth. The former should be representative of the prob-
lem under study, and the number of samples should be
large enough in order to apply meaningful statistical
tests. The larger the dataset is, the more confidence we
expect to obtain regarding the superiority of a method if
this is the actual case. Each data sample should be as-
sociated with a ground truth, which is the desired result
after processing the image. Ideally, experts in the field
generate the ground truth, which is often a manual and
tedious process. In cases where discrepancy between
experts may exist, more than one ground truth may be
useful to measure such discrepancy.

Lastly, statisticals tools answer the question of de-
ciding which algorithm is the best and how much better
it is over the rest. Each method has associated a se-
ries of values, one per image, which can be though of
as a sample of the statistical population. The method
yielding the best performance results in average tends
to be preferred. This is not enough: standard devia-
tion, which measures the variation of the performance
results, is often seen as an indicator of the uniformity of
the results when considering different inputs. A method
with a lower standard deviation tends to be preferred
due to its greater regularity. However, this inferred pref-
erences may depend on the dataset used. Therefore, the
confidence regarding the superiority of a method over
another method acquires paramount importance. This is
computed with statistical tests, which process two sta-

tistical populations and output the confidence of some
hypothesis being true. The tests in which we are inter-
ested are:

• The Wilcoxon Signed-Rank test, which analyses
whether the mean of the two statistical populations
differs. It assumes that (i) input images are in-
dependent and randomly selected and that (ii) the
samples are paired (i.e. observations in one pop-
ulation are paired to the observations in the other,
which holds since the input image is the same).

• The Student’s paired t-test, is similitar to the
Wilcoxon Signed-Rank test. Besides assuming (i)
and (ii), it also assumes that (iii) both statistical
samples are normally distributed.

We will be able to state that one method is better than
another with confidence α if the appropriate statistical
test provides such result.

4.2. Performance Measures for Curvilinear Object Seg-
mentation

As previously commented, the performance indica-
tors measure the similarity between a given estimation
and a ground truth. Since we are dealing with object
segmentation, the expert annotations are often described
with a pixel-wise binary mask describing whether the
pixel is part of the object of interest or not. Although
we usually find pixel-based measures, some others are
based on the centerline of the curvilinear structure de-
tected.

In the considered literature, there are many perfor-
mance metrics. Each of them penalizes a deviation from
the ground truth differently, and so all of them have ad-
vantages and shortcomings. The right metric depends
on how these deviations should be taken into account.
All the measures considered, along with their aim and
weaknesses, are summarized in Table 4.

The Pixel-Wise Measures contrast the estimation
against the ground truth in a pixel-wise fashion. Ac-
cording to a estimation, a pixel is said to be Estimated
Positive if it is estimated as belonging to the object, and
Estimated Negative otherwise. They are then catego-
rized as True Positive (TP) or True Negative (TN) if
such estimation is correct according to the ground truth;
and False Positive (FP) or False Negative (FN) when
the pixel has been wrongly labelled. The pixel-based
metrics are relations involving the amount of pixels be-
longing to these categories.

The Sensitivity, also called Recall, is the rate between
True Positives and the amount of pixels that belong to
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Performance Measures Broad description ShortcomingsPixel wise Centerline based

Sensitivity Completeness Amount of positives that are estimated as such. They are not affected by incorrectly estimating as
positive any negative portion.Branches detected

Specificity Amount of negatives that are estimated as such.
It is not affected by incorrectly estimating as
negative any positive portion.

Precision Correctness Relevance of estimated positives.
They can be artificially improved by identifying
only the parts that represent a positive with more
probability.

Accuracy Amount of correct estimations.
Class skewness may induce an undesirable
behaviour.

F1-score Averaging mean of Sensitivity and Precision. It is a complex and asymmetric measure.

RootMean Square Deviation of estimated centerlines.
It does not consider unmatched estimated segments
or multiple segments matched to the same portion
of ground truth.

Table 4: Metrics that can be used to measure the performance of a curvilinear structure segmentation algorithm.

the object. In other words, the proportion of object pix-
els that are identified as such. Specifically, it is com-
puted as:

Sen “
TP

TP` FN
.

Sensitivity indicates the probability that a method has
of identifying a pixel that belongs to the actual object,
but it is not affected by wrongly identifying a negative
pixel as a positive one. This feature may produce unde-
sired effects. As a extreme case, a method that estimates
all pixels as positives always has a perfect sensitivity.

The Specificity is the rate between True Negatives and
the amount of pixels that do not belong to the object,
wich is the proportion of non-object pixels identified as
such. It is given by:

Spe “
TN

TN` TP
.

Specificity, on the other hand, indicates the probability
of rejecting a pixel that should be rejected, and it does
not penalize rejecting even more pixels.

The Precision measures the relevance of the pixels
estimated positive, and is defined as the rate between
True Positives and Estimated Positives.

Pre “
TP

TP` FP
.

Precision indicates the relevance of the Estimated Pos-
itives, since it is the probability of a estimated positive
being actually positive. However, the Precision can be
artificially increased by rejecting more pixels, identify-
ing only those with strong evidence of belonging to the
segmentation.

Accuracy is the rate of correctly classified pixels, and
is thus computed as:

Acc “
TP` TN

TP` TN` FP` FN
.

Accuracy is the probability of a pixel being correctly
classified. Although it is simple and is only maximized
by the ground truth, it does not take into account the
asymmetry between classes. For instance, if the object
of interest represents only the 10% of pixels, which is
often the case, it tends to favour the segmentations that
underestimate the object: if no information is known
about a pixel, rejecting it will provide better results in
average that identifying it. This behaviour, rather unde-
sirable, may not be acceptable in some situations.

The F1-score is defined as the harmonic mean of Sen-
sitivity and Precision:

F1 “ 2 ¨
ˆ

1
Sen

`
1

Pre

˙´1

“
2 ¨ TP

2 ¨ TP` FP` FN
.

It tries to capture both types of errors, FP and FN. In
doing so, it assigns them the same weight, which may
not be the best approach. Although it can be gener-
alized with the Fβ-score, the weigthed harmonic mean
with wSen “ β2, wPre “ 1, such weights are still nec-
essarily fixed a priori. Besides, the F1-score is not pre-
served if the estimation is exchanged with the ground
truth, which contrast with the idea of it being a measure
of similarity.

Other approaches evaluate the performance based
on a higher level description of the curvilinear seg-
mented objects: the Centerline-Based Metrics. To do
so, the centerlines of the structures are used to define
the similarity between a estimation and the correspond-
ing ground truth. Sometimes the representation of struc-
tures is vectorized – so the centerlines are explicitly in-
cluded –, but they have to be computed when the esti-
mations or ground truths are given as pixel-wise masks.
This computation, which may be implemented with the
fast marching algorithm [4], may distort the metric. Be-
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sides, the metric may be further twisted when the esti-
mation and ground truth’s centerlines are matched. The
matching process splits both networks into small seg-
ments, and assigns each segment of the segmentation to
its best counterpart on the ground truth, if there is any
[62]. We understand by a correctly identified centerline
a centerline derived from the estimation that has been
matched to a centerline derived from the ground truth.

The Completeness [62] is concerned with how much
of the object has been identified. It is defined as the
ratio between the total length of the correctly identified
centerlines, and the total length of the centerlines of the
ground truth.

The Correctness [62] is defined as the total length of
the correctly identified centerlines divided by the total
length of the centerlines of the estimation.

Another high-level measure is the Ratio of Branches
Detected [4]. The ground truth is divided into branches,
each one having a different, uninterrupted centerline. A
branch is considered as detected if is matched with a
correctly identified centerline larger than a predefined
threshold. Then, we can define the ratio of branches
detected as the ratio between the amount of branches
detected and the total number of branches.

Finally, the Root Mean Square (RMS) [62] is a mea-
sure of the goodness of matching the estimated center-
line networks to the ground truth one. The RMS mea-
sures the average distance between the correctly identi-
fied centerlines and their corresponding segments in the
ground truth:

RMS “

g

f

f

e

1
l

l
ÿ

i“1

d psegmi,matchpsegmiqq,

where i ranges over all matched segments, and
d psegmi,matchpsegmiqq is the distance between the
centerline of the i-th segment (segmi) and the center-
line of the ground truth segment with which it has been
matched (matchpsegmiq).

We remark that it ignores the portion of segmentation
that it has not been matched with any chunk of ground
truth, and it is not affected if several portions of the seg-
mentation are assigned to the same part of the ground
truth.

Other metrics have been proposed to measure the
similarity between two curvilinear patterns. Similarity
measures are useful as a matching mechanism in soft
biometrics, and could also yield a performance measure
when we contrast our estimation with the ground truth.
Batool et al. [89] presented a series of metrics which
are tightly related to the Completeness and the RMS,

but also considered the curvature similarity between two
patterns as a reliable performance estimator.

The choice of the best performance measure should
be based on the final goal of the segmentation. For
instance, extracting the tortuosity of vessels towards a
computer-aided diagnosis may require a pixel-wise met-
ric with high accuracy, whereas updating a map from
the possible location of roads may fit a centerline-based
metric that admits false positives. This choice may
potentially affect which is the best technique to ap-
proach the problem, since as previously said the notion
of “best” depends on the measure with which the per-
formance is evaluated.

4.3. Datasets

Several benchmarks have been proposed in the liter-
ature to compare methods within a single application.
In this section, we summarize the results obtained with
different approaches and by different authors.

They are compared with the most used metrics,
which depend on the application, and their classifica-
tion. When available, the computation time required
to execute each segmentation is also provided. Unless
otherwise specified, the time has been obtained using a
modern computer at the time of publication. To enable
their comparison, the year of publication of each algo-
rithm is also shown.

4.3.1. Vessel Segmentation in Retinal Angiography
Vessel segmentation in retinal images is a popular

topic that has been addressed with a wide variety of
techniques. The DRIVE dataset [9] contains 40 colour,
medium-sized images of mostly healthy patients, along
with two manual segmentations. One of them is used to
compute the metrics, whereas the other one – the 2nd
ground truth in Tab. 5 – is used to measure the variation
between experts. Usually, the methods are compared
with pixel-wise measures, which are well suited in the
case of low and medium quality images. The metrics in
Tab. 5 have been obtained as the average for the 20 test
samples, which are the ones having a second expert seg-
mentations. The mask representing the Field Of View
(FOV) has been applied to remove background pixels
from both the ground truth and the estimations.

Another benchmark for retinal vessel segmentation is
the STARE dataset [14]. It contains 397 images, 20 of
them including two manual segmentations. These im-
ages show a greater amount of pathologies and artifacts.
Since there is no mask for the Field Of View (FOV) in-
cluded within the dataset, those pixels have not been
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Year Method Sensitivity Specificity Accuracy F1 Score Classification Based on Time per sample
- 2nd GT 0.7760„ 0.9725: 0.9473; 0.7881; Human segmentation „ 3 h
2001 Zana and Klein [15] 0.6695: 0.9831 0.9431„ 0.7475: Grayscale morphology Pixels „ 3 min
2004 Staal et al. [9] 0.7194: 0.9773: 0.9442„ 0.7644: Eigenvalue of Hessian Shape „ 15 min
2006 Soares et al. [18] 0.6735: 0.9822„ 0.9426„ 0.7483: Learning model AI „ 3 min
2006 Mendonça and Campilho [17] 0.7344 0.9764 0.9452 - Grayscale morphology Shape „ 2.5 min
2007 Wang et al. [20] 0.780 0.978 - - Parameter fitting Shape „ 5 min
2009 Al-Diri et al. [24] 0.7282 0.9551 - - Active contours Edges „ 11 min
2010 Vlachos and Dermatas [25] 0.747 0.955 0.929 - Wavefront propagation Region Unknown.
2012 Fraz et al. [26] 0.7152 0.9769 0.9430 - Grayscale morphology Shape „ 100 s
2015 Azzopardi et al. [28] 0.7618 0.9716: 0.9447 0.7758 Linear Filtering Shape „ 5 s
2015 Bibiloni et al. [29] 0.7490„ 0.9674: 0.9393: 0.7568: Fuzzy morphology Region „ 35 s
2015 Roychowdhury et al. [30] 0.6820: 0.9729: 0.9355: 0.7280: Grayscale morphology Region „ 4 s

Table 5: Results of the retinal vessel segmentation benchamark DRIVE [9]. The Unilateral Wilcoxon Signed-Rank (α “ 0.05) test was performed
to evaluate the superiority of one method over another, as long as the results per each sample are known. For each metric, the results according to
the mean value of the best automatic method appear in bold typography. All the others are compared against this one. The superscripts over the
rest of results indicate whether „ the results are not statistically better/worse, : the results are statistically worst, or ; the results are statistically
better (only in the case of human-assisted segmentations). No superscript indicates that the individual segmentations were not available.

removed,1 so the values of Specificity and Accuracy
are optimistic when compared to those of the DRIVE
benchmark. Table 6 contains the average of the most
relevant metrics using the 20 images with two manual
segmentations.

4.3.2. Airway Extraction in CT Scans
A short number of years ago, the database EXACT

[4] was collected to build a framework upon which al-
gorithms facing airway tree segmentation could be com-
pared. The better quality of the input images, which
are 3-dimensional representations of the chest acquired
with different multi-slice Computed Tomography (CT)
scans, enables the use of high-level metrics. Some re-
gions are not included in the calculation of the metrics,
like the regions labelled as “unknown” in the ground
truth or the trachea. The most relevant results are shown
in Table 7.

We remark that a great number of methods employ a
wavefront propagation technique, possibly because the
framework only accepted segmentations with a single
connected component.

4.3.3. Road Detection
Although lots of methods in the literature deal with

road segmentation, they are barely compared with each
other. This is probably due to the huge variety of im-
ages that may be used: they can be either aerial or
satellit images, represent urban or rural areas, have dis-
tinct spatial resolution, collect information from differ-
ent spectral bands, etc. Mayer et al. [63] proposed a

1 Estimating the FOV a posteriori could affect the fairness of the
comparison, since different methods could consider slightly different
FOV. We have preferred not to include any while remarking that met-
rics are biased.

comparison with 3 aerial images and 3 satellit images.
Due to the nature of the problem, they proposed some
measures based on centerlines: correctness, complete-
ness and RMS. The low number of images and meth-
ods makes the comparison incomplete. Although some
methods perform acceptable well, more work is needed
in order to infer meaningful conclusions regarding the
most suitable methodology.

4.4. Other Comparisons
In this subsection, other comparisons are presented to

convey more information regarding the adequacy of the
studied mathematical tools towards curvilinear object
segmentation. Only a small number of reliable bench-
marks is available in the literature. Thus, lower-quality
comparisons can help to complement such information.
This includes quantitative comparisons between a few
methods or with a very small amount of samples, sev-
eral implementations by the same author or even quali-
tative comparisons.

We remark that these results do not have the same im-
portance than publicly available benchmarks, and this
should be reflected when deriving conclusions from
them.

4.4.1. Wire Detection in Low-Flight Imagery
Low and high altitude rotorcrafts provide low-

resolution video from which wires can potentially be de-
tected. Tanović [83] implemented three different meth-
ods and compared them:

1. A parametric, edge-based procedure based on the
work by Candamo and Goldgod [84]. It employs
the Canny edge detector, a parametric line fitting
over the edge map and some postprocessing to in-
crease the accuracy.
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Year Method Sensitivity Specificity Accuracy F1 Score Classification Based on Time per sample
- 2nd GT 0.8951; 0.9562: 0.9522: 0.7401„ Human segmentation „ 3 h
2001 Hoover et al. [14] 0.6733: 0.9692: 0.9462: 0.6506: Matched Filtering Shape „ 5 min
2006 Mendonça and Campilho [17] 0.6996 0.9730 0.9440 - Grayscale morphology Shape „ 3 min
2006 Soares et al. [18] 0.6632: 0.9811: 0.9566: 0.6982„ Learning model AI „ 3 min
2007 Salem et al. [21] 0.8215 0.9750 - - Learning model User Unknown.
2007 Wang et al. [20] 0.752 0.980 - - Parameter fitting Shape „ 5 min
2009 Al-Diri et al. [24] 0.7521 0.9681 - - Active contours Edges „ 11 min
2012 Fraz et al. [26] 0.7311 0.9680 0.9442 - Grayscale morphology Shape „ 100 s
2015 Azzopardi et al. [28] 0.8192 0.9653: 0.9544: 0.7315 Linear filtering Shape „ 5 s
2015 Bibiloni et al. [29] 0.7500: 0.9704: 0.9539: 0.7093: Fuzzy morphology Region „ 35 s
2015 Roychowdury et al. [30] 0.6761: 0.9852 0.9618 0.7264„ Grayscale morphology Region „ 4 s

Table 6: Results of the retinal vessel segmentation benchamark STARE [14]. The results of the statistical tests are reflected in the superscripts as
in Table 5.

Year Method Branches detected Completeness Correctness Classification Based on Time per sample
2009 Fetita et al. [43] 0.628 0.559 0.9804 Grayscale morphology Region „ 5 min
2009 Feuerstein et al. [44] 0.765 0.733 0.8444 Wavefront propagation Region „ 5 min
2009 Lo et al. [45] 0.598 0.540 0.9989 Learning model Region „ 90 min
2009 Lee and Reeves et al. [46] 0.324 0.281 0.9989 Wavefront propagation Region „ 30 s
2009 Born et al. [47] 0.417 0.345 0.9959 Wavefront propagation User „ 25 s
2009 Bauer et al. [48] 0.630 0.584 0.9856 Gradient vector flow Region „ 6 min
2009 Tschirren et al. [49] 0.631 0.589 0.9881 Wavefront propagation User „ 60 min
2009 Van Rikxoort et al. [50] 0.672 0.570 0.9273 Wavefront propagation Region „ 10 s
2012 Lo et al. [4] 0.843 0.788 0.9878 Combination of other methods Unknown.
2012 Wang et al. [52] 0.507 0.456 0.9765 Statistical model Shape „ 45 s
2013 Xu et al. [53] 0.517 0.445 0.9915 Grayscale morphology Region „ 20 min
2015 Bauer et al. [54] 0.711 0.716 0.9025 Graph - 10 min

Table 7: Results of the airway extraction benchamark EXACT’09 [4]. No statistical tests were performed since only the average of the metrics
were known.

2. Following the same line of research, an Edge-
Based procedure that leverages the Hough trans-
form is introduced. It substitutes the parametric
line fitting and further postprocessing by a win-
dowed Hough transform.

3. The last implementation corresponds to a mod-
ification of Passive Obstacle Detection System
(PODS), a method introduced by Sanders-Reed
[85].

The implementation of the algorithms were based on
publications, but the results use the implementations of
the authors. Besides, the dataset used corresponds to
images taken with a static rotorcraft subjected to camera
movements, whereas low-altitude wire detection com-
monly uses a static camera in a moving rotorcraft.

The performance measures used are based on center-
lines, since they tolerate small shift and orientation de-
viations, and only take into account the amount of lines
detected or not, ignoring their length. The PODS algo-
rithm provides a Completeness of 77%, compared to a
72-74% provided by the other algorithms. The Hough
transform yields the greatest Correctness (66%) than
both line fitting (61%) and PODS (55%). Besides, it is

the faster algorithm (1 s/sample) being PODS the slow-
est (3 s/sample).

4.4.2. Human Wrinkle Detection
Although age estimation from pictures has been

widely studied, only a few methods explicitly segment
the wrinkles. Batool et al. presented two methods and
compared them. The first method [87] is a method based
on Marked Points Processes, whereas the second one
[86] is based on enhancement with Gabor filters.

The metrics used for comparison are pixel-wise, al-
lowing 3 pixels of tolerance between the estimation and
the ground truth. They do not take into account the cen-
terlines or their orientation. The first method obtains a
good sensitivity („ 85%), and offers good specificity
(„ 95 ´ 98%), whereas the latter provides an average
sensitivity („ 40 ´ 70%) but a very high specificity
(„ 99.5%). The second method is much faster (9 s/sam-
ple instead in contrast with 65 s/sample).

5. Conclusions

In this last section, we discuss the results shown in
previous sections and conclude with a summary and the
limitations of this survey.
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5.1. Discussion

In the rest of the section we compare the methods
and, thereby, we contrast which mathematical tools
seem more appropriate. This discussion, only possi-
ble after presenting the results of individual methods,
largely benefits from both the models of curvilinear
structures (Sect. 2) and the extensive classification of
approaches that the algorithms may adopt (Sect. 3).

First, regarding the categories in Fig. 2, there is nei-
ther a best algorithm to face all the situations nor a best
mathematical approach to do so. However, when in-
spectioning the results, we observe that some simple
techniques achieve very good results. Linear filtering
and mathematical morphology [28, 30] are two tech-
niques with which methods can achieve good perfor-
mance according to all metrics simultaneously. Spe-
cially important are these techniques when applications
require quick responses or real-time interaction. On the
other hand, more complex mathematical tools can be
used to pursue better performance when the computa-
tional cost is not a constraint [54] or when a very com-
plete model for curvilinear objects is explicitly intro-
duced [66].

Second, with respect to the taxonomy in Fig. 3,
the strategy with which the best segmentations are
performed is usually region-based. It is clear that a
pixel-based strategy is inadequate under certain circum-
stances, like detecting roads occluded by trees or shad-
ows [67]. The methods based on edges and shapes can
hardly leverage the global structure of the object, al-
though some successful instances have been published
[28]. Although region-based algorithms can be seen as
the most powerful, they tend to cause large leakages
[51] and are too sensitive to small threshold variations
[50]. Several approaches have been considered to deal
with these problems, like detecting leakages as large in-
crements when slightly increasing a threshold (the so-
called explosion control [45, 49]) or by leveraging the
model for curvilinear structures (for instance, forcing
the diameter of branches to be non-increasing [50] or it-
eratively limiting the pixels in which region-growing is
executed [46], among others).

Third, a series of observations may help practitioners
to select the methodology that best fits their needs. This,
which is one of the goals of this survey, is related with
several independent aspects of the design of segmenta-
tion algorithms:

Simple Mathematical Models. The use of a model
with few parameters tends to avoid overfitting [20] and
can face high levels of noise. For instance, guide-wire
extraction may handle discontinuities by leveraging the

fact that there is only one curvilinear object, which can
be modelled as a 2nd or 3rd order curve [61]. On the
other hand, complex methods may largely increase the
computational requirements [130] and tend to overfit the
training data. Of course, the model should be appropri-
ate, since violations of the model lead to misbehaviour
[72].

Multiscale. Different approaches are considered to
deal with the fact that curvilinear structures can have
different sizes in the same image.

Most algorithms use a multi-step approach: they con-
sider variations of the same operators and aggregate the
results afterwards. When spatial derivatives are com-
puted by convolving the image with the derivative of a
Gaussian shape, multiple Gaussian shapes can be used
by considering different standard deviations [34]. Lin-
ear filters, besides being rotated several times, can be
enlarged or shrinked [28].

Other strategies to handle multiple-width objects use
a single operation. The Gradient Vector Flow [124] is
an edge-preserving diffusion of the traditional gradient,
specially designed to capture concavities and to present
a large capture range. It allows the detection of cen-
terlines of curvilinear objects regardless of their width
[22]. A clustering algorithm may also be used to con-
sider several widths at once [21]. However, this ap-
proach implicitly assumes a certain width distribution
when defining the distance between pixels and cluster
centroids.

Closely Placed Curvilinear Objects. Some types of
images present tubular-shaped objects near others along
a certaing path. This situation is hard to handle. For in-
stance, the approaches that employ multiple-scale filters
tend to present, in these regions, a response dominated
by the large scale filters [128], and the algorithms that
smooth the images with Gaussian functions blur such
regions [120]. The Dual-Gaussian or Bi-Gaussian func-
tion [16, 120] has been introduced as a kernel to face
this specific problem. The use of specific active con-
tours may also be used to face this situation [24].

User-assisted methods. Although semi-automatic
methods are considered, they do not tend to produce bet-
ter results. The algorithms in which the user provides a
small number of seed points provide similar results to
the fully automatic ones [47], maybe because this op-
eration can be robustly implemented. In contrast, the
algorithms in which the user constantly supervises the
algorithm tend to provide really good correctness but
average completeness [45, 49].

Artificial Intelligence techniques. Similarly, the re-
sults provided by machine learning techniques are com-
parable but not better than the other approaches in terms

27



of performance measures [18]. We remark, however,
that their usually costly learning stage and their lack
of interpretability can be compensated with the fast re-
sponse when processing new samples.

Another important feature of algorithms, barely men-
tioned in this survey, is their computational require-
ments. Some strategies have been considered to de-
crease the computational requirements of algorithms. A
few mathematical techniques have been developed with
this objective in mind: instead of considering all seg-
ments in each image, as does the original Hough trans-
form, they consider only a subset of them by dividing
the image into grids and subgrids. Both the Beamlet
transform [118] and the quad-tree structure [20] use this
approach. An alternative to diminishing computational
requirements while maintaining robustness is the use of
randomized algorithms. They can be employed in the
case of parameter fitting [58, 60] or to solve a complex
model [66].

Finally, we highlight two limitations of this discus-
sion. On one hand, the performance measures are just
indicators. Segmentation is usually a single step of a
larger system, and the best segmentation methodology
is the one that provides the best results in such system
when embedded into it. Given the cross-application na-
ture of this survey, the discussion is based on the per-
formance measures, so slight deviations can be found
when implementing end-to-end systems. On the other
hand, this discussion is limited by the availability of seg-
mentation algorithms and datasets. More information is
needed to draw definitive conclusions. Specifically, they
would be of great help more widely accepted bench-
marks in applications such as road extraction from aerial
images, and more methods employing statistical models
and other underexplored techniques. Besides, statistical
tests should be a requirement to provide fair compar-
isons between different segmentation algorithms.

5.2. Summary of our work
In this document, we have presented and unified the

state-of-the-art with regard to curvilinear object seg-
mentation. It includes several related but different ap-
plications, that have been thoroughly studied in order
to introduce, in Sect. 2, a General Model and several
Application-Dependent Models for Curvilinear Struc-
tures. The former is a set of subjective constraints that
are fulfilled by all curvilinear objects studied, whereas
the latter reflects the differences between the models
considered in different applications.

In Sect. 3 we have presented a number of segmenta-
tion algorithms, classifying them according to two tax-
onomies. The first one, which is depicted in Fig. 2

and structures the whole section, is concerned with the
mathematical tools used to extract the curvilinear ob-
jects. The second classification, in Fig. 3, reflects the
segmentation strategy – the nature of the procedure with
which a method generates the binary mask that repre-
sents the estimated segmentation.

The performance of the algorithms is presented in
Sect. 4, along with a discussion of how we can com-
pare them in order to extract meaningful information.
Three benchmarks and other comparisons are presented
to rank algorithms according to their performance and,
thus, compare the methodologies they employ.

An extensive discussion of the results contained in
these three sections is presented in Sect. 5.1. Decid-
ing which methodology is best may depend on (i) the
specific model of curvilinear objects – inferred both by
the application and the specific database used –, (ii) the
evaluation metric and (iii) the computational require-
ments that will bound our algorithm.

5.3. Limitations of this survey

First, some limitations have already been mentioned
in Sect. 5.1. Specifically, the limited amount of methods
and datasets, and the suitability of performance metrics
as indicators of potential. Although a lot of work has
been done regarding the metrics used, more connections
should be established between the final aim of the seg-
mentation and how to measure the correctness of the
segmentation. This step is often forgotten by the meth-
ods that face a particular problem, but it is of paramount
importance in order to use them in real applications.

Besides, the conclusions we draw regarding how
well-fitted are certain mathematical techniques or cer-
tain strategies to segment objects may be inaccurate. We
have compared algorithms that employ them, and then
we have assumed that the best algorithms faithfully rep-
resent their capacities. Although it seems coherent and
is unavoidable, this assumption may be exposed.

Finally, to further improve the state of the art re-
garding curvilinear object detection, more datasets are
needed to compare algorithms designed for a specific
application. Examples of such applications are road
detection, guide-wire tracking or pavement assessment.
The latter has some datasets publicly available [11], but
they are still not popular enough to compare different
approaches. Of course, the publication of more seg-
mentation algorithms would also complete the cross-
application state of the art of curvilinear object segmen-
tation.
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