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ARTICLE INFO ABSTRACT

Keywords: Background and objectives: The study of the retinal vasculature represents a fundamental stage in the screening

Medical imaging and diagnosis of many high-incidence diseases, both systemic and ophthalmic. A complete retinal vascular

gl’h'-hﬂjm“l“gy analysis requires the segmentation of the vascular tree along with the classification of the blood vessels into
etina

arteries and veins. Early automatic methods approach these complementary segmentation and classification tasks
in two sequential stages. However, currently, these two tasks are approached as a joint semantic segmentation,
because the classification results highly depend on the effectiveness of the vessel segmentation. In that regard, we
propose a novel approach for the simultaneous segmentation and classification of the retinal arteries and veins
from eye fundus images.

Methods: We propose a novel method that, unlike previous approaches, and thanks to the proposal of a novel loss,
decomposes the joint task into three segmentation problems targeting arteries, veins and the whole vascular tree.
This configuration allows to handle vessel crossings intuitively and directly provides accurate segmentation
masks of the different target vascular trees.

Results: The provided ablation study on the public Retinal Images vessel Tree Extraction (RITE) dataset dem-
onstrates that the proposed method provides a satisfactory performance, particularly in the segmentation of the
different structures. Furthermore, the comparison with the state of the art shows that our method achieves highly
competitive results in the artery/vein classification, while significantly improving the vascular segmentation.
Conclusions: The proposed multi-segmentation method allows to detect more vessels and better segment the
different structures, while achieving a competitive classification performance. Also, in these terms, our approach
outperforms the approaches of various reference works. Moreover, in contrast with previous approaches, the
proposed method allows to directly detect the vessel crossings, as well as preserving the continuity of both ar-
teries and veins at these complex locations.

Vessel segmentation
Artery and vein classification
Deep learning

1. Introduction as well as particular changes in the diameters of small retinal vessels can

be a sign of diabetes [4]. The increased venous diameter and venous

The analysis of the anatomical structures of the retina represents a
key step in the diagnosis and screening of many relevant diseases [1,2].
This is due to the significant changes that some of these structures
manifest when a certain disease is present. Thus, for example,
ophthalmic and systemic diseases like Age-Related Macular Degenera-
tion (AMD), glaucoma, and diabetes provoke significant alterations in
the retinal vessels, the optic disc or the macula. The abnormal growth of
new blood vessels within or under the macula is representative of the
AMD disease [3]. Microaneurysms, retinal haemorrhages, exudates and
neovascularization are representative of Diabetic Retinopathy (DR) [1],

oxygen saturation is associated with glaucomatous damage [5,6]. The
generalized retinal arteriolar narrowing is significantly associated with
the optic nerve damage caused by open-angle glaucoma [7,2]. Many of
these disorders are of a great severity, and they can lead to the partial or
total loss of vision [2,9-11]. Nevertheless, an early diagnosis and
treatment can avoid or mitigate some of the most harmful consequences.
In this regard, color retinography, an affordable and widely available
eye fundus imaging technique, is commonly used for early diagnosis and
pathological screening. Thereby, performing an accurate analysis of this
type of images is erucial.
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One of the most commonly analyzed structures of the retina is the
vascular tree, since it provides particularly meaningful information for
numerous diseases [1,3,12-14]. Thus, a complete analysis of the retinal
vascular tree requires the segmentation of the retinal vessels from eye
fundus images as well as its classification into arteries and veins. The
retinal vasculature segmentation allows the measurement of different
features of the blood vessels (such as width, length and tortuosity) with
proven relevance in evaluating and monitoring some of the aforemen-
tioned diseases (e.g. DR). Complementarily, vasculature classification
allows measuring some arteries/veins specific features that supplement
the previous data, such as the arteriolar and venular diameters [15].
Among other utilities, the measurement of these diameters allows the
calculation of the Arteriolar-to-Venular diameter Ratio (AVR), that has
been found useful for the diagnosis of multiple diseases, such as hy-
pertension or diabetes [16-18]. In clinical practice, however, the
application of these analyses is limited due to two main reasons: first,
they are challenging, repetitive and time-consuming for the clinical
specialists, and second, the results that are obtained by distinct experts
commonly present significant differences, especially for the small ves-
sels. In this context, automatic vasculature segmentation and classifi-
cation methods emerged as an auspicious alternative.

Regarding the segmentation of the retinal vasculature, the early
works were mainly based on either ad hoc image processing techniques
[12,19-21] or the use of hand-engineered image features along with
traditional supervised learning methods, such as Artificial Neural Net-
works [22,23]. Later, advances in deep learning motivated vasculature
segmentation methods based on the patch-wise application of Con-
volutional Neural Networks (CNN) [24]. Currently, the state of the art in
vascular segmentation is dominated by Fully Convolutional Neural
Networks (FCNN), of varying architectures and training approaches,
which allow to directly obtain a vascular segmentation map from a full
size image [25-30].

On the other hand, the classification of the retinal vessels into ar-
teries and veins (A/V) followed a similar state of the art progression to
vasculature segmentation, since the latter has always been conceived as
a prior step to A/V classification. Methodologically, A/V classification
works have evolved from ad hoc and traditional supervised learning
methods [31-34] to CNN-based methods [35]. However, the overall
approach of these works consisted on sequentially performing the
vasculature segmentation followed by the A/V classification. Despite its
wide adoption, the main drawback of this overall approach is that the
errors in the vasculature segmentation are propagated to the classifi-
cation stage. To avoid this issue, several recent works proposed to
simultaneously address both tasks as a multiclass semantic segmentation
problem with FCNNs [36-41]. Some of these works formulate the
problem with three classes—background, artery and vein—
[36,37,40,41]. Others, instead, add a fourth class “uncertain” [38,39].
This class, as specified in several annotated datasets [38,42-44], com-
prises all the vessels which experts cannot determine whether they are
arteries or veins. The fourth class presented in [38] agrees with this
definition. However, in [39], the vessel crossings are also included in the
uncertain class. The crossings class comprises all the areas where a vein
overlaps an artery or vice versa [45], and it is also commonly identified
in A/V datasets [42-44]. Along the article, in line with our approach, we
will use the same nomenclature as the one originally specified in the
datasets, which does not include the vessel crossings in the uncertain
class. In that regard, previous alternatives [38,39] handle vessels
crossings and uncertain vessels in a counter-intuitive way, and give raise
to incomplete segmentation maps for both arteries and veins, as the
network is forced to decide to classify a vessel as one of the aforemen-
tioned classes.

In this work, we propose a novel approach for the simultaneous
segmentation and classification of the retinal arteries and veins from eye
fundus images using FCNNs. This approach decomposes these tasks into
three related segmentation problems: the segmentation of arteries,
veins, and vessels. To train the networks using this approach, we
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propose a novel loss named “Binary Cross-Entropy by 3” (BCE3) that
combines three independent segmentation losses, one for each class of
interest: arteries, veins and vessels. This approach manages uncertain
vessels and vessel crossings in an intuitive way. On the one hand, un-
certain vessels are discarded for the computation of the arteries and
veins segmentation losses, but included for the computation of the
vessels segmentation loss. In this way, the network can freely assign
uncertain vessels to any of the artery and vein classes, while still
receiving feedback for uncertain vessels in the vessels segmentation
subtask. On the other hand, vessel crossings are included for the
computation of the three independent losses. Thus, the networks are
able to effectuate complete segmentation maps for the three classes:
arteries, veins, and vessels. Moreover, the proposed setting allows the
networks to detect the crossings between the vessels of different type,
despite not being specifically trained for it, through the intersection
(product) of the predicted arteries and veins segmentation masks. To
evaluate the potential and advantages of this approach, we performed an
exhaustive comparative study with the current state-of-the-art ap-
proaches, which commonly use multi-class Cross-Entropy loss, for the A/
V segmentation and classification tasks in a multi-class semantic seg-
mentation setting. For this comparison, we employ the publicly avail-
able Retinal Images vessel Tree Extraction (RITE) dataset, which is
considered the reference standard for the classification of retinal arteries
and veins.

1.1. State of the art

In the literature, several works have approached the segmentation of
the retinal vasculature and, to a lesser extent, the classification of vessels
into arteries and veins. Additionally, only in recent times, some works
have approached both tasks simultaneously.

Regarding the vasculature segmentation, the initially proposed
methods were chiefly based on ad hoc image processing techniques.
Adaptive local thresholding [19], deformable models [20], vessel
tracking [21] and ridge detection [12] are some representative exam-
ples. Moreover, traditional supervised learning methods, such as Arti-
ficial Neural Networks (ANNs) [22,23] or k-nearest neighbors [12],
were also applied. Later, the use of deep learning, and specifically
Convolutional Neural Networks (CNNs), meant an important advance
[24,25]. These networks allow to automatically learn features during
the training, contrary to classical approaches, where the feature
extraction had to be manually designed. Thus, these networks can be
trained end-to-end, from the raw data to the target decisions, and
commonly produce better results [46,47]. Additionally, the use of Fully
Convolutional Neural Networks (FCNNs) [48,49], that are only
composed of local operators, allowed to directly handle image inputs of
arbitrary sizes, without needing to iterate over them using patches.
Currently, the state-of-the-art approaches on retinal vasculature seg-
mentation utilize FCNNs [26-30].

The automatic A/V classification has been less explored than the
vasculature segmentation. Also, until recently, it was conceived as a
two-stage process, in which the vessel classification followed the
vasculature segmentation. In this way, the initial A/V classification
works either assumed the presence of vasculature segmentation masks,
or some vessel pixels that were manually annotated, [31-33,50] or
proposed their own automatic vasculature segmentation method as an
independent first stage [34,35]. Hence, the classification stage was only
focused on classifying the pixels previously segmented as vessels.
Furthermore, early works typically restricted A/V classification to
certain regions of interest, normally the region around the optic disc
(OD) [50,31,32].

Zamperini et al. [50] employed supervised classifiers with color,
contrast and position features for classifying a reduced set of central
vessel points. This points were previously selected by experts and were
located near the OD. Saez et al. [51] proposed an unsupervised method
based on k-means clustering for the classification of previously



J. Morano et al.

segmented vessels around the OD. Relan et al. [31] proposed a semi-
automatic unsupervised method based on Gaussian Mixture Model-
Expectation Maximization (GMM-EM) clustering, instead of k-means,
due to its less dependency on the initialization. This method makes use
of color features and, similarly to [50], it needs a set of manually marked
vessel points to work. Later, the same authors [32] also proposed a su-
pervised method based on Least Square-Support Vector Machine clas-
sifier. Their approach assumed the presence of previously extracted
vascular masks near the OD. Dashtbozorg et al. [33] introduced a clas-
sification method that follows a graph-based approach. They were one of
the first to propose a method for classifying the whole vascular tree.
However, their method used previously segmented vessel masks for
extracting the vascular graph. Estrada et al., in [34], presented a semi-
automatic graph-based framework that incorporates a global likeli-
hood model for A/V classification. Like [33], their method classifies the
whole vascular tree, but it implies the participation of experts to
manually correct the errors of the primarily extracted graph. Afterward,
Welikala et al. [35] were the first to propose the use of a CNN for the
classification step. They employed a patch-wise approach with patches
centered on the centerline vessel pixels. For the extraction of these
pixels, the authors utilized an unsupervised vessel segmentation
approach based on a multi-scale line detector.

The two-stage approach followed by early works, however, presents
an important drawback. Since the classification is done only for the
pixels previously segmented as vessels, the final results heavily depend
on the efficacy of the segmentation method, and the errors in it are
propagated to the classification step. In recent times, to avoid this
problem, several works have approached the simultaneous segmenta-
tion and classification of the retinal vessels as a semantic pixel-level
classification task [36-41]. To that end, all these works employ
FCNNs, as they currently represent the state of the art for semantic
segmentation [52]. Furthermore, all of them use some type of image
preprocessing to facilitate the training of the networks. Beyond this
common characteristics, the works differ in many points. One of the
most relevant is the formulation of the problem. Xu et al. [36], Girard
etal. [37], Ma et al. [40] and Kang et al. [41] formulated the problem as
a three-class semantic segmentation task—background, artery, vein—,
while Hemelings et al. [38] and Galdran et al. [39] added a fourth class
“uncertain”. In [38], this class only comprises the vessels of uncertain
class, coinciding with the definition provided in several A/V segmen-
tation datasets [38,42-44]. However, in [39], the “uncertain” class also
includes vessel crossings (areas where a vein overlaps an artery or vice
versa). In [38], the crossing regions are labelled with the class of the
upper vessel, so they are not handled in a special way. From these works
[38,39], the approach proposed by Galdran et al. [39] is the only one
that does not ignore the pixels from the “uncertain” class in the
computation of the loss.

Another important point in related works is the strategy that was
used by each of them to alleviate the scarcity of annotated data. This
problem, despite not being exclusive of medical imaging, is particularly
notable in this field, since data annotation is usually a challenging
process that must be performed by clinical experts. Beyond the typical
data augmentation operations (i.e. affine and elastic transformations
and color and intensity variations), more or less common to all of them,
the works implement two different types of mechanisms: random patch
extraction and transfer learning. Girad et al. [37] train the network
using small patches randomly extracted from areas close to the vessels.
Hemelings et al. [38] train the network using large patches randomly
extracted. Kang et al. [41] use an encoder petrained on ImageNet based
on the GoogLeNet deep network architecture [53]. Ma et al. [40] use
small random patches and an encoder pretrained on ImageNet and based
on the ResNet CNN architecture [54]. Finally, some of these works also
propose specific mechanisms to mitigate the manifest misclassification
of certain sections of vessels, e.g. the classification of a segment halfway
down a vein as “artery”. Girard et al. [37] propose a postprocessing
method based on graph propagation, Ma et al. [40] include an spatial
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activation mechanism, and Kang et al. [41] incorporate a category-
attention weighted fusion (CWF) module and a graph based vascular
structure reconstruction algorithm for postprocessing the result images.

The rest of the manuscript is organized as follows. In Section 2, we
present the methodology for the A/V segmentation and classification
task, including the description of the different approaches to compare,
the network architecture, the data, and the training details. Then, in
Section 3, we present a comprehensive evaluation and discussion of the
presented approaches. Also, we expose the comparisons with the state-
of-the-art works for both the vasculature segmentation and the A/V
classification. Finally, in Section 4, we present the main conclusions
derived from the results and the potential future work.

2. Materials and methods

The simultaneous segmentation and classification of the retinal ar-
teries and veins (SSCAV) requires both to identify the blood vessels in
the image and to differentiate them between arteries and veins. In this
work, we approach this integrated vascular analysis using FCNNs that
are trained to provide pixel-wise image segmentations. The proposed
methods decomposes the SSCAV into the three semantic segmentations
targeting arteries, veins, and vessels, as described in Section 2.2. In order
to evaluate the performance of this approach and quantify and
demonstrate its advantages, we compare it with the traditional semantic
segmentation approach followed by the state-of-the-art works. The de-
tails of this approach are explained in Section 2.1.

The visual differentiation between arteries and veins can be difficult
in some cases, like small vessels with poor contrast and not clearly
connected to a specific arterial or venular tree. These cases can be
identified with certainty as vessels, but their classification into arteries
and veins is uncertain, even for an expert. Additionally, it is common to
find crossings between arteries and veins in the retina. Thus, although
for these positions either the artery or the vein is above the other, these
pixels can be regarded as simultaneously belonging to both types of
vessels. This allows to account for continuous arterial and venular trees
regardless of crossings below the other one. The identification of these
two special situations (uncertain vessels, and vessel crossings) is com-
mon in manually annotated retinal vessel classification datasets
[38,42-44]. Fig. 1 shows an example of a ground truth image from the
RITE dataset labelled this way, along with its decomposition into ar-
teries, veins, crossings and uncertain vessels.

2.1. Traditional approach

The traditional approach, depicted in Fig. 2, addresses the SSCAV as
a single multi-class semantic segmentation task. Thus, for each pixel, an
FCNN predicts the likelihoods of N mutually exclusive classes. To that
end, the network output is composed of N channels that are tied with
each other using a softmax activation. In this approach, Cross-Entropy
(CE) is used as loss function, similarly to most state-of-the-art works in
semantic segmentation. Formally, CE for joint vasculature segmentation
and classification is defined as:where f(r). denotes the network output
for a given input retinography r and class c, s denotes its corresponding
ground truth, o, denotes the weight of the class ¢, N denotes the number
of classes and 2 denotes a Region of Interest (ROI) mask, with the set of
valid pixels in the image.

In this case, we consider N = 4 classes, as depicted in Fig. 2 (for this
reason, we name this loss CE4). These classes correspond to “back-
ground”, “artery”, “vein”, and “uncertain or crossing”. Thus, as in [39],
the fourth class includes both the vessels of uncertain class and the vessel
crossings.

Following prior works [37-39], we set the w, weights for the
“background”, “artery” and “vein” target classes to 1, so that all pixels of
these classes count equally for the loss. Conversely, the weights for the
“uncertain or crossing” class are set to 0. Thus, neither the vessel
crossings, which simultaneously belong to the artery and vein classes,
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(a)

(b)
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(c) (d) (e)

Fig. 1. Example RITE ground truth image (a) and its decomposition into (b) arteries (red), (c) veins (blue), (d) crossings (green) and (e) uncertain (white) classes.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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nor the uncertain pixels, provide learning feedback in this approach.
This is the most commonly used approach in previous works
[36-38,40,41].

Using this classification approach, it is possible to obtain the vascular
segmentation map by performing a pixel-wise addition of the predicted
probability maps for arteries, veins and “uncertain or crossings”, or
using the inverse of the background class. However, it is not likely that
the arterial and venular tree segmentation maps derived from the artery
and vein classes are continuous, not even considering the “uncertain or
crossings” class to complete them. The reason is that the network must
decide to classify the vessel crossings as either of the above classes, in
case of detecting them. Due to the fact that either the artery or the vein
will be above the other, and the conditions for uncertain vessel classi-
fication are not commonly met at regular vessels, it is not probable that
the “uncertain or crossings” class will be used. Thus the vascular tree for
the vessel below will be discontinuous.

m

One possible solution to fix the vessel crossing discontinuities is to
also use a weight @, = 1 for the “uncertain or crossings” class in Eq. (1),
as in [39]. However, while this solution forces the network to mark the
crossings as this specific class, there is no distinction among these re-
gions and the uncertain vessels. Thus, an additional split into two clas-
ses, with a very low number of learning samples for each one, would be
further necessary. In this work, we provide a more straightforward and
balanced solution, as explained in the next section, that addresses this
issue.

2.2. Proposed multi-segmentation approach

Our proposed approach for SSCAV is depicted in Fig. 3. To both
segment and classify the retinal vessels, we decompose the SSCAV
problem into three different tasks: arteries segmentation, veins seg-
mentation and vessels segmentation. This multi-segmentation (MS)
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approach is in line with the dual nature of the retinal vascular tree,
where arteries and veins individually spread throughout the retina and
intersect frequently at different points. Moreover, following this
approach, the three continuous vascular tree segmentation maps (ar-
teries, veins and all the vessels) are also directly provided by the neural
network.

In this case, the network output consists of 3 independent channels
(see Fig. 3). Each channel contains the predicted probability map for one
of the structures of interest: arteries, veins and vessels. The total loss is
computed as the sum of the individual losses for each structure, each
being calculated as the Binary Cross-Entropy (BCE) between the
manually annotated segmentation mask of the structure and the corre-
sponding predicted probability map. Mathematically, the “Binary Cross-
Entropy by 3” (BCE3) loss is defined as

3
Zocrs(f(r) ) = = DD [sclog(f(r),) +(1—s.)-log(1—f(r).) ], (2

e=1 £

where r is the input retinography, f(r), and s, the network output and the
ground truth for class ¢ and €, is the set of all the pixels within a class-
specific ROI mask. The class-specific ROI mask for the vessels class is the
retinal RO, and it is equivalent to the £ used in Eq. (1). Differently, for
the artery and vein classes, the ROI mask £, is computed as the retinal
ROI minus the vessel pixels of uncertain class, as labelled by the experts
in the ground truth. Examples of these ROI masks are represented in
Fig. 3.

Notice that avoiding the uncertain pixels in the artery and vein
segmentation losses (i.e. to mask them for the computation of the loss),
and not in the vascular segmentation one, allows the system two things:
first, to freely assign those pixels to artery or vein classes (as in the case

of the traditional approach), and second, to simultaneously receive
feedback for those pixels in the vascular segmentation subtask. Conse-
quently, the network receives feedback for every pixel inside the ROL

In addition to this feature, it is also relevant to note that, in this case,
the “uncertain” class does not include the vessel crossings, unlike the
“uncertain or crossing” class defined in the traditional approach.
Instead, in this approach, the vessel crossings are encoded as the su-
perposition of the artery and vein segmentation maps, which should be
both indicating positive class for these pixels. In order to do that, the
ground truth s, for each class ¢ should be adapted to the output of the
network and these restrictions. This can be achieved by considering the
vessel crossing regions as positives in both artery and vein segmentation
maps, and combining these two maps with the uncertain vessel regions
to obtain the vascular tree segmentation map. An example of such an
adapted ground truth is shown in Fig. 3. Additionally, this setting allows
to detect vessel crossings through the intersection (product) of the
predicted arteries and veins segmentation masks.

2.3. Preprocessing

Retinography datasets usually present a significant illumination and
contrast variability among the images. This variability is due to different
factors that affect the image acquisition. For example, distinct pupil sizes
or exposure levels. In addition, retinographies also present illumination
and contrast variability within the image due to the curvature of the
retina or uneven lighting during the acquisition.

To correct this variability and therefore facilitate the training of the
networks, most of the state-of-the-art-works implement an image pre-
processing technique [36-40]. The ablation studies that are provided in
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these works clearly show the beneficial effect of the image preprocess-
ing. However, the employed technique varies among the works, and
there is not an accepted standard. In this context, and given the adequate
results, we include the method proposed in the reference work of Girard
et al. [37]. In particular, this technique performs a channel-wise global
contrast enhancement and a local intensity normalization as follows:

o obﬂ, (3)

norm oy —Jlf

where IS, is the normalized channel G, I€ is the channel C of the
original retinography, If is the low-pass filtered channel C and orc_g is
the global standard deviation of the channel resulting from the sub-
traction of the low-pass filtered channel If to the original channel I€.

In our case, 6p = 1. Also, as low-pass filter, a gaussian filter with zero
mean and standard deviation ¢ = 10 is used.

In Fig. 4, an example of a retinography before and after applying the
preprocessing method is provided, along with the density histograms of
vessel pixels and background pixels for each image. The histograms have
been computed from the images converted to grayscale. It can be seen at
first glance that the enhanced image, i.e. the one that has been pre-
processed, has a greater contrast between the vessels and the back-
ground and it presents a more uniform illumination. This enhancement
can also be seen in the histograms of the images.

Artificial Intelligence In Medicine 118 (2021) 102116
2.4. Network architecture

For performing the SSCAV with both approaches, we use the fully
convolutional neural network architecture U-Net [49]. This architecture
was initially proposed for biomedical image segmentation, and its
valuable results [55,56], particularly in several tasks related to this field
[57-59]1, have made it to be considered a reference in computer vision.
In fact, most of the state-of-the-art works in artery and vein classification
are based on this architecture [36-40]. Furthermore, U-Net was suc-
cessfully applied in our previous works for vasculature segmentation
[60,611, fovea localization, optic disc localization and segmentation
[61], and multimodal reconstruction [62].

In Fig. 5, a scheme of the U-Net architecture is shown. As can be seen
in the figure, the network is composed of two main paths almost sym-
metrical: a contracting path (encoder), and an expansive path (decoder).
This encoder-decoder shape is complemented with skip connections via
concatenation between both paths.

The contracting path, or encoder, consists of 4 downsampling blocks.
These blocks comprise two 3 x 3 convolutions, each followed by a ReLU,
and a max-pooling of stride 2. Thus, after each downsampling block, the
spatial resolution is halved. Moreover, the number of feature maps is
duplicated.

The expansive path, or decoder, is composed of 4 upsampling blocks
and, as said, it is almost symmetrical to the encoder. Each upsampling

(a)
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Fig. 4. Example of a RITE retinography before and after applying the preprocessing method, along with the gray level density histograms of vessel pixels and
background pixels for each case. (a) Original retinography. (b) Preprocessed retinography. (c) Density histogram of the original retinography. (d) Density histogram
of the preprocessed retinography.
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Fig. 5. U-Net architecture. N represents the number of base channels. In our case, N = 64. C stands for the number of channels of the output. In the MS approach, the
sigmoid activation function is applied at the last convolutional layer of the network. In the traditional approach, this layer is followed by a softmax layer.

block consists of two 3 x 3 convolutions, each followed by a ReLU, and a
2 x 2 transposed convolution. These transposed convolutions produce
the opposite effect to the max-pooling operations, duplicating the spatial
resolution. Also, the number of feature maps is reduced by half. The
result of each transposed convolution is then concatenated with the
feature maps of the same spatial resolution from the contracting path
through a skip connection. In this way, the features from the contracting
path are transferred to the expanding path at different resolution levels,
leading to more detailed results in the network output.

In the final part of the network, two 3 x 3 convolutions followed by a
ReLU are applied to the result of the latter upsampling block, and then, a
last convolution of 1 x 1 is used to reduce the number of feature maps as
desired (e.g. to a certain number of classes). In the MS approach, a
sigmoid activation function is applied at the last convolutional layer,
while in the traditional approach, the last layer is followed by a softmax
layer.

2.5. Data

For the experiments in this work, we employed the publicly available
RITE dataset [42], which is a reference standard for A/V classification.
This dataset is based on the widely used Digital Retinal Images for Vessel
Extraction (DRIVE) dataset [12], which contains color retinography
images and is likewise considered a reference standard for vascular
segmentation. Both the DRIVE and RITE datasets are divided into the
same training and test subsets, including 20 color fundus photographs
each one. From these 40 images, 7 are from patients with diabetic
retinopathy (mild early stage) and 33 are from healthy patients. All the
images are 768 x 584 pixels with a circular Region Of Interest (ROI).

For all the images, the manual segmentation of the retinal vessels and
their classification is available. The DRIVE dataset provides a gold
standard manual vasculature segmentation map for each of the training
and test images by an expert (first expert). Additionally, the test set
images are annotated by another independent observer (second expert).
The RITE dataset uses these manual annotations as reference to label the
vessels. Specifically, the training set annotations are based on the first
expert annotations from DRIVE, while the test set annotations are based
on those of the second one. In the RITE annotations, all the vessels pixels
were classified into one of four classes: artery, vein, crossing or uncertain.
The crossing class is used for pixels in the regions where arteries and
veins overlap, while the uncertain class is used for the pixels that the
clinical experts have been able to identify as vessels but not to
discriminate as arteries or veins. The distribution of data samples in
these classes is shown in Table 1. Also, an example of a retinography and
its corresponding vasculature segmentation and A/V classification

Table 1
Distribution of data samples.
Class Samples %
Background 3,828,398 87.52
Vessel 546,029 12.48
- Artery 227,210 5.19
- Vein 278,576 6.37
- Crossing 14,003 0.32
- Uncertain 26,240 0.60

ground truths is depicted in Fig. 6.

For training the different networks, we use the 20 images of RITE-
train with a random split of 15 and 5 images for training and valida-
tion, respectively. For testing, we use the entire RITE-test set.

In order to train the networks following the traditional and MS ap-
proaches, the ground truth images from the RITE dataset are adapted, in
each case, to the output of the network. In the traditional approach, each
pixel of the ground truth is assigned to either background, artery, vein or
“uncertain or crossing” class, which comprises both uncertain vessels
and crossings. The resulting ground truth is a grayscale image in which
each pixel has a numeric label of the class to which it belongs. On the
other hand, in the MS approach, each pixel is assigned to any number of
the following classes: artery, vein and vessel. In this case, crossings
belong to the three classes, and uncertain vessels belong only to the
“vessel” class. Background pixels are not assigned to any class. The
resulting ground truth is an RGB image in which each channel contains a
manual segmentation mask of one of the aforementioned structures. An
example of a RITE ground truth adapted to both the traditional and the
MS approaches can be found in Fig. 7.

Data processing for the evaluation of the different methods is
described in detail in Section 2.7.

2.6. Training details

To train the different models, the Adam optimization algorithm is
used [63]. The parameters of the algorithm were set as follows: initial
learning rate @ = 1 x 10™%, decay rates §; = 0.9 and f, = 0.999. The
training is performed at a constant learning rate, and early stopping is
applied when the validation loss does not improve for 200 epochs. Both
p and B, values were taken from the original Adam paper [63], while
the initial learning rate and the patience for early stopping were
empirically established based on the learning curves for both training
and validation data. To avoid an exhaustive exploration of the param-
eter space, we relied on prior evidence of the most suitable values that
can be found in the literature [383,29,61,62,64].
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(©)

Fig. 6. Example of RITE retinography and its ground truths. (a) Retinography. (b) Vasculature segmentation ground truth. (c¢) A/V classification ground truth. In the
A/V ground truth, arteries, veins, crossings and “uncertain” vessels are represented by the colors red, blue, green and white, respectively. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

3

(a)

(b}

Fig. 7. Example of RITE retinography ground truth and its adaptations for the MS and traditional approaches. (a) Original RITE ground truth. (b) Adapted ground
truth for the traditional approach. (c¢) Adapted ground truth for the MS approach.

In all the cases, the parameters of the networks are initialized using
the He et al. [65] initialization method with uniform distribution, as in
[61,641.

As the training set contains only 15 images, we use online data
augmentation to artificially increase the training samples. Thus, on each
epoch, random transformations are applied to the input images. These
transformations consist of combinations of random color and intensity
variations, slight affine transformations (rotation, scaling and shearing)
along vertical and horizontal flipping. These transformations are the
same as those used in [60,62

The proposed methodology is implemented in Python 3 using the
open source framework PyTorch. Training and development was per-
formed on a single NVIDIA Tesla P40 GPU with a memory size of 24 GB.
The CPU was an Intel Xeon Gold 6146 CPU @ 3.20GHz, and the memory
size, 16 GB. In such a system, the complete training of a U-Net network
following the proposed methodology takes about 1.5 h. In the test phase,
it takes less than 0.01 s to segment one image using the GPU, and about
10 s using the CPU alone.

2.7. Quantitative evaluation

The quantitative evaluation of the presented approaches is per-
formed by comparing the predicted vascular segmentation, as well as the
identification of arteries and veins, against the manual ground truth
annotations. As we are interested in both the segmentation and the
classification, we divide the evaluation into three parts, focused on each
one of these aspects and on the joint performance. Also, only for the
proposed approach, we include an extra evaluation focused on assessing

the performance of the approach on the complex vessel crossings
localization task.

The first part is focused on assessing the segmentation performance
on the different structures of interest: arteries, veins and full vascular
tree. For each structure, we compute the Receiver Operating Charac-
teristic (ROC) and Precision-Recall curves, by considering each seg-
mentation target as a binary classification problem against the
background. For the arteries and veins, we only take into account the
pixels inside the ROI, excluding uncertain vessels and vessel crossings.
The latter are excluded for performing a fair comparison with the
traditional approach, which does not include vessel crossings in both
arteries and veins probability maps. In each case, the positive class is the
structure of interest: arteries, veins and vessels, and the negative class,
everything else.

The ROC and PR curves are built applying a variable threshold to the
predicted probability maps, so that it is possible to perform the evalu-
ation without selecting an specific decision threshold. Also, to summa-
rize these curves, we computed the Area Under the Curve (AUC) values
in each case.

It is worth noting that we include the ROC and PR curves due to
different reasons. The former is included due to its wide use in the
literature as a default segmentation metric, while the latter is included
due to its greater sensitiveness when the target classes are unbalanced
[66]. In our case, for the segmentation of the different structures, the
number of samples of the positive class, i.e. the vessels of each kind, is
significantly lower than the number of samples from the negative class,
which cover the whole retinal background and non-target structures. In
this scenario, PR analysis is more convenient, as it presents a higher
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sensitiveness to changes in the number of false positives.

The second part of the evaluation is focused on assessing the per-
formance of the approaches in artery/vein classification. This scenario
represents the standard evaluation setting adopted by the state-of-the-
art works for A/V classification. Thus, we follow the exact same evalu-
ation procedure that is used in those works [37-41]. Specifically, we
build the confusion matrix for the artery and vein classes for the pixels
that were annotated as “vessel” in the ground truth, excluding the un-
certain vessels and the vessel crossings. To that end, we consider the
class with the highest probability at the network output. We report
Sensitivity, Specificity and Accuracy computed from this matrix,
considering arteries as the positive class. In this case, as with many prior
works, we are reporting the results for the system at the operating point
that results from the network training. Nevertheless, as this operating
point highly depends on the training set and the used loss, the metrics
derived from this confusion matrix are not suitable for comparing with
systems at other operating points. Performing a threshold optimization
to select other suitable operating point for this classification, as for
example maximizing a balanced accuracy on the validation set [39] also
depends on the used validation set and metric. This does not improve the
comparability as long as there is not a gold standard metric used as
reference to evaluate the task. Thus, in addition to reporting the per-
formance of the selected system, we provide the ROC curves along with
the AUC-ROC metric, considering a varying threshold for the artery-vein
classification of the ground truth classified vessels.

Finally, in order to evaluate the joint artery-vein classification and
the vascular segmentation, we also follow the common approach in
some previous works. In this way, we provide the Sensitivity, Sensibility
and Accuracy in the vessel-background classification using the trained
system, along with the artery-vein classification performance metrics.
However, this approach, although being adopted by the state-of-the-art
works in A/V classification, is not providing a joint evaluation of artery-
vein classification of the segmented vasculature. This evaluation in-
cludes all the pixels that were labelled as “vessel” in the ground truth,
assuming that the predicted vessels masks are perfect. Nonetheless, this
assumption is not true, as the models can only detect part of the total
number of vessel pixels. In a real scenario, only these pixels would be
classified into artery and vein classes, not all the pixels that actually
belongs to vessels, as the standard evaluation assumes. Therefore, the
standard evaluation does not truly reflects the overall performance of
the models.

To overcome this issue, we include a different evaluation method,
which constitutes the third part of the quantitative evaluation. This
method is intended to determine, simultaneously, the performance of
the approaches regarding the A/V classification and the vessels seg-
mentation. For this end, we plot the vessel/background classification
sensitivity against the A/V classification accuracy for multiple thresh-
olds. In addition, to compute the latter for the different thresholds, only
the detected vessel pixels labelled as such in the ground truth are taken
into account (i.e. the intersection of detected and annotated vessels).
The curve resulting from applying this evaluation clearly depicts the
overall performance of the networks regarding the two involved tasks.

As commented above, we include an extra evaluation for the pro-
posed approach. This evaluation is focused on assessing the performance
of the approach in the vessels crossings localization task. For this pur-
pose, it is necessary, first of all, to define how the output of the network
and the ground truth are translated to a set of coordinates representing
the vessel crossings. In this process, the first step is to obtain the ground
truth and the predicted segmentation masks of the crossings. This is
achieved by performing an element-wise product of the artery and vein
channels, as the vessel crossings belong to both classes. Then, for the
prediction, we use an intensity threshold followed by a small dilation to
merge very close regions. Once the prediction is converted to binary and
dilated, we perform a connected-component analysis (CCA) and
compute the centroids of the detected regions for both the prediction
and the ground truth. The coordinates of the detected centroids are the
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ones used in the evaluation. As gold standard, as it is done in [64], we
consider a predicted crossing a True Positive when it is within a certain
distance d of a crossing from the ground truth. Otherwise, it is consid-
ered a False Positive. Also, a crossing can be predicted only once. Thus,
in each case, only the closest prediction within the distance d is
considered as a True Positive. The crossings that are not located within
this distance of any ground truth crossing are considered False Nega-
tives. This analysis is performed for a representative distance of 10 pixels
(d = 10). Finally, in order to build the PR curve, we use these mea-
surements to compute the Precision and Recall metrics for a moving
threshold over the entire test set.

2.8. Experimental details

To quantitatively evaluate the performance of the MS and the
traditional approaches in the SSCAV task, we trained the same models
using both approaches. Also, to evaluate the effect of the image pre-
processing, we trained the networks using both the preprocessed images
and the original ones. Thus, we compare a total of 4 alternatives. In
addition, to take into account the stochasticity of the networks training,
we performed 5 training repetitions with random initialization for each
considered alternative.

Then, for the different alternatives, we performed the evaluation
described in Section 2.7. In each case, we built the mean ROC and PR
curves (calculating its corresponding mean AUC values) and we
computed all the selected metrics for the A/V classification (Sensitivity,
Specificity and Accuracy) and its corresponding mean values. Further-
more, we performed the joint evaluation of the segmentation and the
classification tasks. In each case, the standard deviation value is also
included.

Ultimately, in order to determine if the results of the proposed
approach are significantly better (statistically) than those of the tradi-
tional approach, we have performed a one-sided Student's t-test of the
means of the AUC-ROC, AUC-PR and Accuracy metrics.

3. Results and discussion

In Fig. 8, the mean ROC and PR curves in RITE-test for the networks
that were trained using the BCE3 and CE4 losses with and without image
preprocessing (“enhanced” and “original”, respectively) are depicted. As
commented in the previous sections, we include three ROC and PR
curves, one for each structure of interest: arteries (A), veins (V), and
Vascular Tree (VT)—that is, vessels—. Fig. 9 depicts the ROC and PR
curves for the different networks in the DRIVE-test set. Additionally, all
AUC values of the curves are summarized in Table 2. Complementing the
segmentation results, Fig. 10 depicts the ROC and PR curves of the
different approaches for the A/V classification in the RITE-test set. These
curves are built considering only the pixels labelled as “vessel” in the
ground truth, being “artery” the positive class. On the other hand,
Table 3 reports the classification results in RITE-test for the different
trained models. Fig. 12 depicts the vessels classification sensitivity
against the artery/vein classification accuracy of the different models
and multiple thresholds in RITE-test dataset. Fig. 11 depicts the PR curve
for vessel crossing localization in RITE-test set for the networks trained
using the MS approach. Lastly, Fig. 13 shows representative examples of
the predicted probability maps that were obtained by the trained models
using both losses and the enhanced retinographies as input. In each case,
the figure depicts the RGB composition of the predicted maps for a better
clarity.

As it can be observed in the vasculature segmentation results of
Figs. 8 and 9 as well as Table 2, the best performance is achieved by the
proposed MS approach using the BCE3 loss, either using the enhanced or
the original retinography as input, and regardless of the target class. For
each structure of interest, i.e. arteries, veins and vessels, both the AUC-
ROC and AUC-PR values are higher with the MS approach than with the
traditional CE4 one. Furthermore, AUC-PR and AUC-ROC for vessels are
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Fig. 8. ROC and PR curves for the different structures in RITE-test for the networks trained using the MS and the traditional approaches and the enhanced and the

original images.

significantly higher for the MS approach than for CE4 (p<0.001), as well
as other statistics like AUC-ROC for arteries (p<0.05) and AUC-ROC por
veins (p<0.05).

In addition to the higher segmentation performance using BCE3,
crossings are handled in a more intuitive way. In this case, crossing
pixels are simply assigned to both artery and vein classes at a time and
the network is able to detect them (see PR curve depicted in Fig. 11)

10

while allowing to achieve a continuous segmentation of both the arterial
and venular trees. For CE4, differently, the crossings are mostly treated
as a separate class (along with the uncertain vessels), either to detect
them [39], or to let the network detect the artery or the vein above the
other [36,37,40,41]. There is also some approach in which the crossings
belong to the same class as that of the upper vessel [35]. Nevertheless,
whichever of these alternatives gives raise to incomplete segmentation
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Fig. 9. Vascular segmentation ROC and PR curves in DRIVE-test for the networks trained using the MS and the traditional approaches and the enhanced and the

original images.
Table 2
Segmentation results.
Model RITE-test DRIVE-test
Arteries Veins Vessels Vessels
AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR
(%) (%) (%) (%) (%) (%) (%) (%)
BCE3 original 97.24 £ 0.10 79.06 + 0.77 97.85+ 0.12 85.05 + 0.44 98.32 £ 0.03 92,52 + 0.08 97.81 £ 0.03 90.78 £+ 0.09
CE4 original 96.88 £ 0.32 78.05 + 0.82 97.73 £ 0.12 84.67 + 0.50 98.06 + 0.06 92.00 £ 0.21 97.58 £ 0.04 90.22 + 0.12
BCE3 enhanced 97.38 £ 0.21 81.30 +£ 0.73 98.00 + 0.05 87.02 £ 0.38 98.33 £ 0.04 92,75 £ 0.12 97.81 £ 0.02 90.99 + 0.07
CE4 enhanced 97.22 £ 0.22 80.93 + 0.89 97.87 £ 0.12 86.78 £+ 0.54 98.07 £ 0.04 92,27 £ 0.08 97.63 £ 0.03 90.59 + 0.07
o ROC - AV classification 10 PR - A/V classification
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Fig. 10. A/V classification ROC and PR curves in RITE-test for the networks trained using the MS and the traditional approaches and the enhanced and the orig-

inal images.

maps for both arteries and veins. Multiple examples of this effect can be
found in Fig. 14. Taking all this into account, it can be stated that the MS
strategy favors a better segmentation of the different structures, and
handles the different cases in a much simpler way.

Regarding the artery/vein discrimination, although the MS alterna-
tives achieve highly positive results (see Table 3), it cannot be affirmed
that they perform better than the traditional alternatives. Considering
the variability, the A/V classification results of both approaches are not

significantly different. However, for the vessel/background discrimi-
nation, the situation is different. In this case, consistently with the
higher AUC values for vessels segmentation, the MS approach achieves
significantly better results (p<0.01) for both Accuracy and AUC-ROC. As
can be seen in Table 3, when training with the original images, the
sensitivity values of the MS approach are, on average, more than 2.5%
higher than those of the traditional approach. Similarly, when training
with the enhanced images, the improvement is about 1%. We focus on



J. Morano et al Artificial Intelligence In Medicine 118 (2021) 102116
Table 3
Classification results.
Model Artery/Vein Vessel/background
Sens. (%) Spec. (%) Acc. (%) AUC-ROC (%) Sens. (%) Spec. (%) Acc. (%) AUC-ROC (%)
BCES3 original 86.27 + 1.53 88.64 + 1.63 87.47 + 0.85 94.36 + 0.49 80.26 + 0.52 98.49 + 0.07 96.23 + 0.01 98.32 + 0.03
CE4 original 84.52 + 1.53 88.46 + 1.01 86.55 + 0.50 94.08 + 0.38 77.52 + 0.82 98.70 + 0.12 96.08 + 0.04 98.06 + 0.06
BCE3 enhanced 87.47 + 2.09 90.89 + 0.68 89.24 + 0.73 95.59 + 0.40 79.12 +1.22 98.65 + 0.13 96.16 + 0.05 98.33 + 0.04
CE4 enhanced 87.24 + 1.24 90.26 + 0.69 88.78 + 0.53 95.68 + 0.37 78.07 + 1.64 98.67 + 0.19 96.05 + 0.05 98.07 + 0.04
) o traditional CE4 loss and the proposed MS with BCE3 loss, perform
1.0 PR - Crossings localization similarly when evaluated in simultaneous vascular segmentation and
T —— artery/vein classification. It is remarkable, however, that for a high
X vascular segmentation sensitivity the proposed approach achieves a
slightly higher artery/vein classification accuracy.

0.81 In light of all these results together, it can be stated that the MS
approach represents the more convenient alternative, since it is able to
detect more vessels with similar A/V classification accuracy.

06 Another relevant point that can be observed in the different figures is

5 the beneficial effect of the preprocessing for the A/V classification. As
a8 can be seen in Table 3 and Fig. 12, the performance of the networks is, in
@ . . .

& general, better when they are trained using the enhanced images than

0.4 1 when they are trained using the original ones. In fact, this improvement
can be clearly appreciated in Fiz. 13, which depicts the probability maps
that were predicted by the networks for a RITE-test retinography. When

02 comparing the predictions of the “enhanced” and the “original” alter-
natives, it can be observed that some manifest classification errors

— BCE3_enhanced disappear, an thus the arteries and veins continuity is slightly better

—— BCE3_original preserved. Regarding the vessels segmentation, in light of the results, the

0.0 T T T T reprocessing does not lead to such a significant improvement in the
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Fig. 11. Vessels crossings localization PR curve in the RITE-test set for multiple
thresholds and the different evaluated models trained using the MS approach.

sensitivity, at a similar level of specificity, due to the positive class that is
“vessel”, and the sensitivity measures the proportion of positives that
were correctly identified. Specificity and accuracy, although they are
also relevant, are much less sensitive in this scenario, since they take
into account the background pixels, much more numerous and easier to
classify.

The results depicted in Fig. 12 are also in this line. Both methods, the
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Fig. 12. Vessels classification sensitivity against artery/vein classification ac-
curacy in RITE-test for multiple thresholds and the different evaluated models.

networks performance.

3.1. Comparison with the state of the art

Table 4 shows the comparison with the state-of-the-art works for the
joint vessel segmentation and the A/V classification tasks. In this com-
parison, we include the results that were reported by relevant methods
that have been evaluated on the publicly available RITE-test set. How-
ever, some of the works do not evaluate the vessel segmentation per-
formance of their methods [23,41], although the proposed methods aim
at performing the vascular segmentation. As previously stated, the
evaluation of the artery/vein classification task in the state-of-the-art
works, and herein adopted for comparison, considers the ground truth
vessels. However, this evaluation does not take into account if the net-
works are not able to detect all the vessels, which is relevant as in a real
case scenario only the detected vessel pixels would be classified into
artery and vein. In this way, if a model presents a high performance on
the A/V classification, but is not able to detect most of the vessels, its
overall performance is low. Consequently, an appropriate evaluation of
the SSCAV should include not only an assessment of how well the model
classifies the vessels, but also an assessment of how well the model de-
tects those vessels.

Moreover, the methods in the state of the art report the results for a
fixed operating point system, with a varying preference for false posi-
tives or false negatives among the works. As this complicates the direct
comparison between the state-of-the-art results, we complement the
results in Table 4 with the ROC curves in Fig. 15, for the artery/vein
classification and the vascular segmentation tasks. In these graphs, we
represent the ROC curves for our proposed system (BCE3 loss and
enhanced retinographies as input) along with the point representations
of the systems in Table 4. Finally, in order to provide a context for the
performance in the vasculature segmentation of the proposed system,
we provide a comparison with reference works aiming at the vasculature
segmentation in Table 5. Also, we complement the results shown in this
table with the ROC curve depicted in Fig. 16, as it was done for the RITE-
test results. The reported results use the DRIVE-test set, which is
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RGB composition

Fig. 13. Examples of generated probability maps of the different classes and its RGB composition.

composed of the same images as in the RITE-test set. However, in this
case, the ground truth segmentations considered as gold standard are
those provided by the first expert, and thus the obtained results are
slightly different from the results reported for RITE.

As it can be observed in the comparison results, the proposed
approach achieves highly competitive results in both the artery/vein
classification and the vascular segmentation tasks. In this regard, it is

especially relevant that our approach achieves the best performance in
the vascular segmentation task among the works aiming at solving both
SSCAV tasks, and even a competitive performance with the state-of-the-
art specialized methods. This is particularly relevant since, in a real A/V
classification scenario, only the detected vessels would be classified into
arteries and veins. Regarding the artery/vein classification of the ground
truth vessels, however, the achieved results are slightly below the most
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Fig. 14. Examples of arteries, veins and vessels probability maps (RGB compositions) generated by the models trained using the MS and the traditional approaches
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recent works [40,41].
In order to provide insight on the comparison results, it should be
noticed that our method proposes a straightforward application of a
plain U-Net architecture [49], to full resolution images, by simply
adjusting the used loss. Thus, the research herein described aims at
providing methodological advances by simplifying the used methods,
gaining insight on why they work, taking advantages of more appro-
priate ways of posing the end-to-end training of the target tasks, and
avoiding the use of any bells and whistles. In this regard, some of the
prior works trained and applied the networks to a patch-wise [37,40],
instead of using the full-size images as our case. We think that it is more
convenient to take full advantage of the FCNN architectures to pose end-
to-end training approaches that use full-size images as inputs, even if the
patch-wise balancing and the augmentation approaches can take minor
advantages on the results, depending on the used datasets. Several
methods, including the best performing ones, used ad hoc weights to
adjust the importance of each class on the loss [38,40,41], or even
heuristic weights to balance the importance of each vessel within each
image [40,41]. While we could adjust the class weights, as well as the
importance of the difficult target structures, to improve the overall
provided results of our approach, we think that such approach requires
appropriate validation methodologies that are not usually practical
giving the large training times of deep neural networks. There are also
interesting ideas which can boost the performance of any approach, and
could be potentially applied to our approach in future work, such as the
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Table 4
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Comparison with the state of the art for the joint vessels segmentation and Artery/Vein classification task in the RITE dataset. The best results are highlighted in bold.

Method Year Artery/Vein classification Vessels segmentation
Sens. (%) Spec. (%) Acc. (%) Sens. (%) Spec. (%) Acc. (%) AUC-ROC (%)
Girard et al. [37] 2019 86.3 86.6 86.5 78.4 98.1 95.7 97.2
Galdran et al. [39] 2019 89 90 89 94 93 93 95
Kang et al. [41] 2020 88.63 92.72 90.81 - - - -
Ma et al. [40] 2019 92.2 93.0 92.6 76.16 98.11 95.70 98.10
Hemelings et al. [38] 2019 - - 94.87 - - - -
Proposed 2020 87.47 + 2.09 90.89 + 0.68 89.24 + 0.73 79.12 + 1.22 98.65 + 0.13 96.16 + 0.05 98.33 + 0.04
4. Conclusions
Table 5

Comparison with the state of the art exclusively for the vessels segmentation task
in DRIVE dataset. Here, the first expert is considered as gold standard. The best
results are highlighted in bold.

Method Sens. (%) Spec. (%) Acc. (%) AUC-ROC
(%)
Girard et al. [37] 74.9 97.7 94.8 96.4
Liskowski et al. 78.11 98.07 95.35 97.90
[24]
Jiang et al. [28] 75.40 + 98.25 + 96.24 + 98.10
0.05 0.01 0.01
Mo et al. [67] 77.79 97.80 95.21 97.82
Fraz et al. [68] 71.52 97.68 94.30 + —
0.72
Li et al. [69] 75.69 98.16 95.27 97.38
Feng et al. [70] 76.25 98.09 95.28 96.78
Hervella et al. [61] - - - 97.82
Second expert 77.57 98.19 96.37 -
Proposed 75.42 + 98.49 + 95.45 + 97.81 +
(enhanced) 1.23 0.13 0.05 0.02
Proposed (original) ~ 76.46 + 98.36 + 95.54 + 97.81 +
0.52 0.07 0.02 0.03

use of pretrained networks [40,41] (ours are trained from scratch),
enforcing the vascular tree classification coherence using an ad hoc
postprocessing approach [37,41], or the use of deep supervision to
enhance the backpropagation of gradients [40,41]. Notwithstanding we
did not include any of these mechanisms, the achieved results are highly
competitive in artery/vein classification, and certainly better in the
vascular segmentation, which emphasizes the potential of the proposed
approach.

The only additional mechanism from the state of the art that we
included in our approach is the ad hoc preprocessing. Initially, however,
our intention was not to include it, since we consider that any neural
network with an adequate capacity should be able to learn such simple
preprocessing. Notwithstanding, its wide use in the literature and its
significant impact in the classification results made us to finally incor-
porate one of these methods. In this sense, it is singular the contrast
between the important improvement in classification and the almost
null impact in segmentation. This observation could motivate future
research.

Finally, it should be noticed that the proposed method presents an
additional advantage over the rest of the state-of-the-art approaches: it
allows to detect vessel crossings with a satisfactory performance. This
aspect is distinctive of our work, since there is no other in the state of the
art that allows to perform this task. Additionally, our approach gives
raise to fully-connected arterial and venular trees. This factor facilitates
the structural analysis of both types of vessels, and it is useful for the
future application of methods for addressing the vascular coherence
issue. Furthermore, it remarkable that these advantages are achieved
with a simple change in the loss; a change that also simplifies the
approach of the problem and significantly improves the performance on
the vascular segmentation task.

15

In this work, we have proposed a novel approach for the simulta-
neous segmentation and classification of the retinal arteries and veins
(SSCAV) using FCNNs. This approach decomposes this joint task into
three segmentation problems: the segmentation of arteries, veins and the
whole vascular tree. To train the networks following this approach, we
have proposed a novel loss named BCE3, that combines the independent
segmentation losses of the three classes of interest.

To evaluate the potential and advantages of this approach, we per-
formed a comprehensive comparative study with the approach that
currently represents the state of the art in the simultaneous segmenta-
tion and classification task. Contrary to ours, this approach uses Cross-
Entropy as loss. Furthermore, we also compared the results achieved
by our method with the current state-of-the-art results for both the
SSCAV and exclusively the vascular segmentation task in the RITE and
DRIVE datasets.

The results provided by the different experiments demonstrate that
our proposal achieves a competitive performance in the classification of
arteries and veins, as well as significantly improving the retinal vascu-
lature segmentation. Complementarily, it allows to detect the complex
vessel crossings with a satisfactory performance.

On the other hand, the comparison with the state of the art in the
SSCAV and the vasculature segmentation tasks shows that our method
achieves highly competitive results. In the SSCAV, it is remarkable that it
surpasses the segmentation results of all the state-of-the-art approaches
whereas preserving a high classification performance in comparison
with the most recent methods. This aspect is valuable, as the current
state of the art evaluate the vasculature classification on all the vessel
pixels of the ground truth, but, in a real scenario, only the detected
vessel pixels would be classified into arteries and veins. In this sense, the
greater vessel detection effectiveness of our method represents a po-
tential advantage. Furthermore, it is worth noting that these results are
achieved with a direct adaptation and design of the used loss, and
avoiding the use of any bells and whistles. In this regard, some of the
mechanisms included in the most recent works (e.g. transfer learning,
deep supervision or ad hoc postprocessing) are compatible with our
approach, and could probably improve its results.

In addition to the above, our method presents some inherent ad-
vantages. First, it is simple, since it consists of the straightforward
application of a FCNN with a custom loss. Second, it provides continuous
arterial and venular trees, also directly providing vasculature segmen-
tation masks. Third, it allows to detect vessel crossings with an adequate
effectiveness. These advantages are distinctive of our approach
regarding to the current state of the art.

Notwithstanding, our approach also presents some potential aspects
for further improvement. One of them, which also affects to the rest of
the works that address the SSCAV, is the vessels classification incoher-
ence. That is, the presence of manifestly misclassified segments of ves-
sels in the output images. Although some works have proposed methods
to mitigate these errors (see Section 1.1), they do not provide a fully
learning-based approach capable of solving this problem for the most
part of examples. With the current state-of-the-art methodologies, the
classification between arteries and veins using FCNNs still relies on
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relatively low-level features. Thus, the problem of getting the networks
to learn the high-level structure of the arteries and veins is still unsolved.
Along with this issue, there is also room for improvement in the state of
the art regarding another aspect: the image preprocessing. Although this
technique demonstrated a positive impact in the A/V classification re-
sults, it does not improve the vascular segmentation. Also, it constitutes
an ad hoc stage that does not allow to train the networks in a truly end-
to-end setting (from the original data to the target decisions). These two
issues represent interesting fields for further research.
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