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Abstract. Segmentation process serves to aid the pathology diagnosing
process since segmentation filters the interference from other anatomical
structures and helps focus on the posterior segment structures of the eye,
highlighting a set of signals that will serve for diagnosis of various retinal
pathologies. Automatic retinal vessel segmentation can lead to a more
accurate diagnosis. This paper presents a framework for automatic ves-
sel segmentation of lower-resolution retinal images taken with a smart-
phone equipped with D-EYE lens. The framework is evaluated and the
attained results were presented. A dataset was assembled and annotated
of train models for automatic localisation retinal areas and for vessel
segmentation. For the framework, two CNN based models were success-
fully trained, a Faster R-CNN that achieved a 96% correct detected of
all regions with an MAE of 39 pixels, and a U-Net that achieved a DICE
of 0.7547.

Keywords: Faster R-CNN - U-Net - Low-resolution retinal images -
Segmentation - Screening

1 Introduction

Advances in science, especially in technological field, have improved the comput-
ing power of devices, and have enabled the development of information in medical
imaging and medical diagnostics, the called Computer-Aided Diagnosis (CAD)
systems, that can assist physicians in various tasks such as measuring anatom-
ical structures, monitoring changes by comparing sequential images, diagnosing
and planning treatment. They also prevent fatigue errors and increase work effi-
ciency. In the ophthalmological field, such advances have enabled the primary
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prevention and early detection of pathologies that evolve asymptomatically and
whose treatment may delay the deleterious effects of visual function. Many CAD
systems are not yet used in clinical practice for several reasons. Claro et al. [5]
discuss that retinal images that may have very different qualities due to various
types of lesions and artefacts that make it difficult to design an image processing
algorithm that is capable of handling a large number of retinal images. There
are several algorithms for retinal image processing in the literature and different
groups of researchers use different image bank metrics to track the performance
of these algorithms, making it difficult to compare methods.

Retinal image became an important topic for the diagnosis serving as a diag-
nostic parameter for early and late retinal diseases as well as follow the evolu-
tion of numerous diseases such as diabetic retinopathy, hypertension, vascular
diseases (arterial and venous occlusions), autoimmune diseases, glaucoma, senile
macular degeneration, tumours, retinal detachment, among others.

In clinical practice, retinal structures may be visualized under myosis (undi-
lated pupil) or mydriasis (artificially dilated pupil using anticholinergic and
adrenergic drugs). The pupil represents a natural diaphragm of the eye that
regulates the amount of external light and its diameter may vary from one indi-
vidual to another. Viewing the retina under myosis allows for greater patient
comfort but viewing a smaller fundus field. Visualization under mydriasis allows
for a larger field of retinal visualization but may result in greater patient discom-
fort due to photophobia (increased sensitivity to external light) until the effect
of instilled mydriatic drug decreases. To minimize and prevent the effects and
pathology progression, laser therapy in the earliest stages of diabetic retinopa-
thy is often recommended, although the success of such intervention depends on
precocious detection and regular checkup/follow up by an ophthalmologist. Sev-
eral methods have been proposed for early diagnosis of this disease [14] such as
scanning laser ophthalmoscope, angiography, optical coherence tomography and
fundus camera [13,15], which has been known as one of the primary methods
for retinopathy screening [26]. Also, recent advances in image processing have
promoted the diffusion of their application to several fields, including the areas
of medical sciences, in particular, ophthalmology. A reliable procedure to evalu-
ate retinopathies early is the structural analysis of retinal vessel network - the
only blood vessel network of the body that is visible in a non-invasive imaging
method [6]. Retinal images are taken with fundus cameras that produce high-
quality and high-resolution retinal images for this analysis. Then, with vessel
segmentation, interference from other anatomical structures are filtered, helping
to obtain the focus of interest on posterior segment structures of the eye. This
highlights a set of signals that will serve for diagnosis of various pathologies,
such as, early changes in diabetic retinopathy (microaneurysms, microhemor-
rhages, cotton wool exudates), glaucoma (optic disc haemorrhages, delineation
of the excavation and the outer limit of the optic papilla), and senile macular
degeneration (coalescent druses, vascularization in the macular region). Manu-
ally segment retinal veins is a burdening task, highly time- and cost-consuming,
therefore, investigations of automatic or semi-automatic methods for vessel seg-
mentation have been evolving to assist specialists [2,20].
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For treatment, early diagnosis has high-importance value. Detection needs
regular retinal imaging, and this is a sort of process which is followed by taking
high-resolution photos taken by expensive machines like fundus cameras, Optos
UWF and Centervue’s Eidon. However, the use of low-cost lenses using non-
mydriatic pupils can bring several advantages besides economy, greater porta-
bility and ease of use and greater patient comfort, on the other hand, decreasing
the quality of the photos obtained.

The latest trends in research show the extensive use of convolution neural
networks (CNN) for the segmentation of retinal vessels and detection of the dis-
ease [7], beyond many other methods [20]. Nevertheless, a mutual aspect of the
methods is that all focused on segmenting vessels with high-resolution retina
images. The appearance of low-resolution retinal images obtained with low-cost
devices suitable for the observation of retinal lesions is an opportunity to pro-
mote the dissemination of eye disease screening tests. The produced images have
a small aperture and low quality. Although studies have already been published
to prove the usefulness of these images, there is still a lack of studies to eval-
uate the effectiveness of automatic methods to segment retinal vessels in this
type of image. These low-resolution and low-quality retinal images create extra
difficulties in the use of traditional vessel segmentation methods [28].

This paper presents a framework focused on the vessels segmenting on lower-
resolution retinal images taken with a smartphone equipped with D-EYE lens.
The D-EYE [1] is a low-cost lens that can be attached to the lens of a smart-
phone to get undisturbed pupil background photos and videos with the added
advantage of bringing more comfort to the patient with the disadvantage of not
having the necessary sharpness when used in eyes with small pupils, in eyes
with opacity of media (keratitis, cataract), in very bright environments, with
the patient not collaborating. It is able to capture up to 20° under miosis at the
posterior pole of the eye depending on individual pupil size.

A dataset was created with 26 retina videos around the optic disc, with lower-
resolution images, and annotated two subsets, one with the localization of the
retinal visible area and other with vessel segmentation. Here, a framework is
proposed to provide the first step for a mobile solution to segment retinal vessels
around the optic disc. The framework has two main steps: (a) The detection of
the optic disc region using a Faster R-CNN and (b) visible vessel segmentation
made by U-Net, trained with the mentioned dataset.

The main contributions of the paper are: (i) a low-resolution dataset cre-
ated using D-EYE vessel annotation, (ii) a low-cost retinal vessel segmentation
framework.

Section 2 presents and discusses the related work; Sect. 3 describes and illus-
trated the created dataset. Section4 describes in detail the framework for low-
resolution vessel segmentation, Sect.5 presents the tests and attained results,
and Sect. 6 finalizes the paper with discussion and conclusions.
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2 Related Works

Image segmentation is the process of partitioning a digital image into multiple
sets of pixels, in order to change its representation into something more mean-
ingful and easier to analyze. Due to its wide range of applications, this process
has become an attractive process in the image processing research area and,
thus, a high number of algorithms have been developed over the years, including
for the retinal vessel segmentation purpose.

Images used in published retinal vessel segmentation studies are taken with
fundus cameras, that are expensive equipment that produces high-quality and
high-resolution retinal images. The emergence of low-cost solutions, such as the
taken from smartphones equipped with D-EYE [1], has given rise to evaluation
and publications of their clinical employment. For example, in [28], a prefer-
ence study was made between the use of a smartphone equipped with D-EYE
lens and the use of the direct ophthalmoscope. 92% of the medical students
that participated claimed their preference for use D-EYE. In [16], ophthalmolo-
gists deduced that smartphone captured fundus images are readable by experts,
with an average between 86% and 100%, and they have an acceptable quality
in 93%-100% for cataract patients. Vilela et al. [25] presented a meta-analysis
study to check the agreement between retinal images obtained via smartphones
and images obtained with retinal cameras or fundoscopic exams, claiming a
very strong agreement between smartphone-based fundoscopic images and clin-
ical examinations gold standards, so this resource can facilitate medical student
learning and can also be an assessment for unprivileged or remote populations.

To the best of our knowledge, no studies have been published to evaluate
vessel segmentation methods in low-resolution fundus images such as the taken
from smartphones equipped with D-EYE.

The published methods for vessel segmentation of retinal images with high-
quality and high-resolution retinal images use both supervised and unsupervised
methods [2,10]. Supervised methods, such as support vector machine (SVM) and
artificial neural network (ANN), have been used with a great impact on medical
imaging segmentation and classification due to their increased performance. The
unsupervised methods are used to discover hidden patterns from blood vessel
from the retinal images [2]; they are out of the scope of this work.

Tuba et al. [23] proposed an overlapping block-based method characterised
by SVM classification, whose features were obtained from discrete cosine trans-
form (DCT) coefficients and chromaticity. Although this algorithm presents the
advantage to classify large retinal vessels accurately, it is limited to classify thin-
ner vessels. Wang et al. [27] proposed an algorithm where a vector containing
30 features of every pixel of the retinal image was formed containing features
in Gaussian scale space, multiscale Gabor filter, and the vector field divergence.
These feature vectors were then used as input to an SVM classifier. The authors
claimed an improved segmentation performance and a reduced running time.

Jiang et al. [11] proposed a method that applies a deep fully convolutional
neural networks (FCN), which integrate novel methods of data preprocessing,
data augmentation, and full convolutional neural networks. The authors claim
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that the proposed framework achieves state-of-the-art vessel segmentation per-
formance in all three public benchmark tests, the datasets DRIVE [21], STARE
[9] and CHASE_DBI [17].

Some works are presented by applying the well-known U-Net [19] network
and its modifications. Jin et al. [12] proposed deformable U-Net (DUNet) using
U-shape structures and local features to perform retinal vessel segmentation
in an end-to-end method. The up-sampling operators used in DUNet improve
the output resolution, capture the contextual information, and to facilitate
specific localization by combining both high- and low-level features. Another
approach is LadderNet [29], which can be considered as a chain of multiple
U-Nets and benefits from multiple paths of information flow, which provides the
potential to capture more complicated features and produce a higher accuracy.
Other authors proposed methods based on U-Net, both a Recurrent Convolu-
tional Neural Network (RCNN) — RU-Net [3], where recurrent convolutions are
applied before down-sampling, before up-sampling and before outputting the seg-
mentation map, and also a Recurrent Residual Convolutional Neural Network
(RRCNN) — R2U-Net [3], where residual learning is added to the convolutional
unit.

3 Dataset

To train and evaluate the proposed platform, three datasets were used: dataset
1 (DS1), dataset 2 (DS2) and dataset 3 (DS3) - see Table 1.

Table 1. Image datasets used to train and evaluate the framework.

DS1 DS2 DS3
Resolution (pixels) | 1920 x 1080 320 x 320 80 x 80
Train 18 videos; 3,881 2 videos; 252 | 14 images; 1,967
images (64%) images (73%) | patches (70%)
Validation 3 videos; 776 (13%) |1 video; 40 3 images; 421
images (11%) | patches (15%)
Test 5 videos; 1,375 1 video; 55 3 images; 422
images (23%) images (16%) | patches (15%)
Total 26 videos; 6,060 4 videos; 347 | 20 images; 2,810
images images patches

A dataset of 26 low-resolution videos of the optic papilla under myosis (undi-
lated pupil) was captured from the left and right eyes of 19 volunteers to train
and evaluate this framework. The videos have an average of 15-20s, were cap-
tured with an iPhone S6 with a D-EYE lens attached to the camera, present
1920 x 1080 pixels resolution at 15 frames per second. The videos obtained have
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low quality due to factors such as light diffraction according to pupil size, media
opacity, optical axis alignment, physiological eye intrinsic movements, and eyelid
ptosis.

The videos were split into single images and organized in two different
datasets, datasetl (DS1) to be used in the detection of the retinal visible area,
and the dataset2 (DS2) to be used in the segmentation of the retinal veins.

For the datasetl, the video-images were manually separated into two folders:
“good images” when the retinal area and their veins are visible; and “bad images”
for the remain. 4,657 images were selected and their retinal region labelled with
the Labellmg software [24]. For the dataset2, 347 images were selected and man-
ually segmented their veins with the labelling software Sensarea [4]. A square
patched image was created based on the predicted outbox centre with 320 x 320
pixels and zeroing the out pixels of the image, as can be seen in Fig. 1.

Fig. 1. At left, a high-resolution retina image with the zoomed optic-disk; At right, a
low-resolution retina image with a zoomed area of the retina, both from the same eye.

Additionally, as dataset3 (DS3), a training set of retina public dataset
DRIVE: Digital Retinal Images for Vessel [21] was used for pre-training a
segmentation CNN. It is composed of 20 colour images with 565 x 584 pixels
acquired using a Canon CR5 non-mydriatic 3CCD camera with a 45-degree field
of view (FOV) and their manual segmentation of the vasculature mask. Dataset2
images have larger dimensions than those in the DRIVE dataset. To adjust veins
dimensions between both datasets, it was decided to obtain dataset2 patches
subsample images with 80 x 80 pixels, as shown in Fig. 2.

Fourteen images were used for the train set (producing 1,967 patches), 3 for
the validation (producing 421 patches), and 3 for the test set (producing 422
patches).
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Fig. 2. Example of DRIVE dataset and patches created for dataset3: (A) retina image;
(B) veins mask; (C) image patch; and (D) veins patch mask.

4 Framework for Low-Resolution Vessel Segmentation
The proposed framework for low-resolution vessel segmentation has two main

steps (see Fig. 3): the (A) detection of the retinal visible area and the (B) vessel
segmentation.

! 1080 1
! 1
! 1
! 1
! 1
1 320 |
1

I_ . _,| (Retinal | _ Q Vessel |, & :
:3 Detection 2 Segmentation| 1
- i
! 1
! 1
! 1
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Fig. 3. Pipeline diagram for the proposed low-resolution vessel segmentation frame-
work.

The detection of the retinal visible area (A) consists in to compute the loca-
tion of a rectangle defined by P1 and P2, that encloses the visible area in the
image (the area of interest). In this case, input images have 1920 x 1080 pixels,
due to the D-EYE low lens aperture the area of interest has up to 320 x 320
pixels.

In this work, it was used a Faster R-CNN model although there is an enor-
mous amount of object/region detection methods applied to computer science.
Specifically, the Fast R-CNN [8] and the Faster R-CNN [18] were considered due
to its low system requirements and fast computation for classifying object char-
acteristics. Both models extract feature maps from the input image using CNN.
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After this operation instead of selective search like in Fast R-CNN [8], in Faster
R-CNN it takes region proposal network (RPN), that making this approach more
advanced to feature extraction. Conceptually, Faster R-CNN is composed of 3
independent neural networks: the feature network (FN), the region proposal net-
work (RPN) and the detection network (DN). The FN is applied to extract and
produce relevant features from the images, so its output maintains the structure
and shape of the original image. The RPN is usually constituted by a 3 convo-
lutional layer network, where there is a common layer that feeds the following
ones. One is used for classification purposes and the other for bounding box
regression. The RPN main purpose is to generate a certain number of bounding
boxes, with a high probability of containing an object. The DN takes input from
both FN and RPN, and produces the final class and bounding box, being usually
composed of 4 Fully Connected layers.

To evaluate the model, the Mean Absolute Error (MAE) defined in the
Eq.1 is a commonly used metric since it permits to measure the accuracy for
continuous variables.

N
1
MAE = — — il 1
N;:lly vil (1)

where N is the number of variables, y; is the ground truth value and 7; is the
predicted variable. In this case, it was used four variables, two for the coordinates
of the upper left corner and the other two for the lower right corner.

The vessels segmentation (B) was done within the detected retinal areas,
with a U-Net [19] model pre-trained with the dataset3 and tuned and evaluated
with dataset2.

The U-Net [19] model was chosen due to its proven success for segmentation
in the biomedical area. U-Net takes its name from the architecture shaped as ‘U’
letter. It is common in segmentation operations because of matching pooling and
up-scaling layers. A given image will be applied to down-scaling for few-layer and
up-scaling again for the same amount of layers which is used for down-scaling.
Matching the output of 2 layers that are size partners of up-scale and down-scale
layers makes the segmentation more successful.

To measure the success of the model, it was used the Dice Coefficient (DICE).
The DICE is a relative metric that provides a similarity measure between pre-
dicted and ground truth segmentations, as defined in Eq. 2:

2-tp

DICE=-— "%
2-tp+ fp+ fn

(2)
where the tp are the total number of pixels belonging to the veins in both masks:
predicted and ground truth, the ¢n are the total number of pixels that mutually
don’t belong to predicted and ground truth masks. The fp are the total number
of pixels predicted as veins but are not present in the ground truth mask. The
tn are the total number of pixels predicted as not belonging to veins but are
present in the ground truth mask.
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5 Tests and Results

The framework was evaluated for the retinal visible area detection and for vessels
segmentation test sets described in Sect. 3.

Retinal Visible Area Detection
Faster R-CNN model was used to detect retinal visible area detection. It was
implemented in TensorFlow, with features pre-trained with Inception Resnet
V2 and fine-tuned with the private datasetl. For augmenting datasetl were
applied rotations with 90-degree steps. The model was trained with default
parametrization: 12_regularizer of 0.01, truncated normal_initilalizer of 0.01,
maxpool_kernel size of 2, maxpool_stride of 2, localization_loss_weight of 2,
objectness_loss_weigh of 1, score_converter Softmax, momentum optimizer with
learning rate 0.0002, momentum _optimizer_value of 0.9.

The Faster R-CNN obtained results for retinal visible area detection can be
seen in Table 2.

Table 2. Testset evaluation of the Faster R-CNN model for retinal visible area
detection.

Classification score | Frequency |P1 MAE P2 MAE |P1 and P2
(pixels)* | (pixels)* | MAE (pixels)*

0.0 30 (2%) 311 (414) | 252 (321) | 281 (371)
0.1 4 (0%) 46 (28) | 41 (20) | 43 (25)
0.2 12 (1%) 63 (41) | 40 (31) | 51 (38)
0.3 6 (0%) 47 (27) | 30 (8) 38 (22)
0.4 7 (1%) 37 (23) | 41 (26) | 39 (24)
05 11 (1%) 76 (69) | 50 (37) | 63 (57)
0.6 11 (1%) 91 (60) | 37 (20) | 64 (52)
0.7 14 (1%) 61 (62) | 35 (26) | 48 (49)
0.8 29 (2%) 67 (50) | 36 (20) | 52 (41)
0.9 1,251 (91%) | 47 (49) | 28 (13) | 37 (37)
Total images 1,375

* MAE: mean (standard deviation)

The results are organized in 10 classification scores with intervals of 0.1. The
detection was very successful as 91% of the test images were detected with the
classification score equal to or greater than 0.9. As the confidence score decrease,
the MAE errors keep approximately constant until it reaches the score interval
0.0, where it increases for the mean of 281 and a standard deviation of 371. A
closer look at the data (not in Table2) showed that interval 0.8 has 29 images
all with a score greater than 0.85.

In Figs. 4 and 5, it can be seen examples of the predicted areas (green boxes)
and the ground truth areas (yellow boxes) in the best and the worst sum of error
P1 and P2 in each interval.
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In all the intervals the predicted area include the visible retinal area, with
the exception of confidence interval 0.0 for the worst sum of error P1 and P2
(Fig. 4, last row), where the prediction selection is in the upper left corner of
the image. However, even the best error P1 and P2 in interval 0.0 include the
retinal area. All the best error prediction are very accurate when compared with
ground truth. The worst cases include the retinal and some other retinal areas
(that is, a retinal area not selected in the ground truth probably due to the
variability of the observer who annotated the images). So on the one hand, it
can be concluded that the detection area was very accurate. On the other hand,
the confidence score seems to be related to the quality of the retinal area, and
in the lower interval, the areas appear less good particularly in interval 0.0.

We considered reasonable to use a threshold above 0.5 to accept the areas as
valid-regions, that in this case achieved 96% of correct detected for all regions,
with MAE of 39 pixels.

Retinal Vessel Segmentation

The U-Net model was implemented using Keras, with a TensorFlow backend. For
training the U-Net model, it was used the binary cross-entropy as loss function
and Adam’s optimiser with 1072 learning rate based on Ange Tato and Roger
Nkambou’s work [22] used to achieve faster a stable convergence. ReLU function
was used for the nine layers and in the output layer, the sigmoid activation
function has applied.

The model was trained first with DS3 (Model 1), then trained on the join of
DS2 and DS3 testsets (Model 2) and later retrained Model 1 with DS2 (Model 3)
to tune the network with D-EYE retinal data. The attained results are summarized
in Table 3.

Table 3. Results of the Model 1, Model 2 and Model 3.

Model 1 | Model 2 | Model 3
(DS3) testset 0.7824 |- 0.5784
(DS2 & DS3) testset | 0.7474 |0.7312 |-
(DS2) testset 0.4797 |0.7547 | 0.5580

Model 1 is has a reasonable Dice coefficient that seems adequate for the task
(0.7824). Observing Fig. 6, it can be seen that the best result (first column) was
achieved a DICE of 0.935 in a patch where vessels are wide and well visible. The
model predictions (row 3) have the same structure but seems wider than the
ground truth (row 2).
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Score: 0.997; Score: 0.963; Score: 0.898; Score: 0.997,;

Error: P1: 28; P2: 15; Error: P1: 48; P2: 215; Error: P1: 10; P2: 7; Error: P1: 28; P2: 15;
I

Score: 0.700; Score: 0.725; Score: 0.618; Score: 0.694;

Error: P1: 28; P2: 9; Error: P1: 16; P2: 217; Error: P1: 26; P2: 18; Error: P1: 14; P2: 204;

Score: 0.564; Score: 0.577; Score: 0.475; Score: 0.448;

Error: P1: 15; P2: 9; Error: P1: 63; P2: 218; Error: P1: 12; P2: 2; Error: P1: 69; P2: 78;

Fig. 4. Example of the best and the worst sum of errors P1 and P2 in intervals 0.9
and 0.8 (first row), 0.7 and 0.6 (second row) and 0.5 and 0.4 (third row). (Color figure
online)
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H

Score: 0.385; Score: 0.314; Score: 0.272; Score: 0.241;
Error: P1: 33; P2: 11; Error: P1: 33; P2: 54; Error: P1: 9; P2: 16; Error: P1: 4; P2: 188;
I .
—a
Score: 0.125; Score: 0.112; Score: 0.0075; Score: 0.000;
Error: P1: 34; P2: 8; Error: P1: 18; P2: 86; Error: P1: 27; P2: 18; Error: P1: 963; P2: 1232;

Fig. 5. Example of the best and the worst sum of errors P1 and P2 in intervals 0.3
and 0.2 (first row), 0.1 and 0.0 (second row). (Color figure online)

At the second column, it can be seen the worst prediction (DICE of 0.0512).
At the original image, vessels are thin, almost imperceptible and quite different
from the vessels expected to find in low-resolution images. It was selected another
image patch with thin veins that seems to us more similar to the ones expected
(third column). In this case, the predicted image preserves the structure, it also
seems wider than the ground-truth and achieved a DICE of 0.8571.

To observe how the model Model 1 performs with the low-resolution images,
it was evaluated in the DS2 testset, obtaining a low DICE value (0.4797). In the
fourth and fifth columns of Fig. 6, it can be seen the best and worst predictions.
Both patch images are very dark and veins are poorly visible - the image-patch of
fifth is the poorest. The best-predicted segmentation (DICE of 0.8009) is actually
very good, considering the visibility of the veins and though the difficulty of
manually creating the ground-truth.
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DICE: 0.9350; DICE: 0.0512; DICE: 0.8571; | DICE: 0.8009; DICE: 0.0480;

Fig. 6. Example of image patches predicted with U-Net Model 1. The first row, original
patches: the first three are from DS3 testset, respectively best, worst and reasonable
predictions; and the last two from DS2 testset, respectively best and worst predictions.
The second row, ground truth patches, and the third row, Model 1 predictions. (Color
figure online)

The Model 2 achieved a DICE of 0.7312 on the join of DS2 and DS3 testsets
that is lower than the obtained for Model 1 (DICE of 0.7474), but it achieved
better on the DS2 testset (DICE of 0.7547). Examples of predicted images of
Model 2 can be seen in Fig. 7.

To illustrate the Model 2 predictions of dataset DS2 testset, were chosen four
images: the best prediction (DICE: 0.7510), two in-between predictions (DICE:
0.6054, DICE: 0.5100) and the worst prediction (DICE: 0.4304). For comparison
with Model 1, column 5 has the predict results of the worst-patch image pre-
dicted by Model 1 (see Fig. 6, column 5). It can be seen that segmentations are
much better: in the first two cases, the structure is all connected as in ground-
truth, the other two (where veins are less visible in patch images) have several
discontinuities in the structure. In column 5, ones can see that the Model 2 pro-
duces a much better segmentation (DICE: 0.4304) than the produced by Model
1 (see Fig. 6, lower right image).

The last tests made were for Model 3, by doing a posterior train of Model 1
with DS2, but the results were worse than with Model 1.
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DICE: 0.7510; DICE: 0.6054; DICE: 0.5100; DICE: 0.3136;| DICE: 0.4304;

Fig. 7. Example of image patches predicted with U-Net Model 2. The first row, original
patches: the first four are from DS2 testset, respectively best, two in-between, and worst
predictions; and for comparison, the worst case of Model 1 low-resolution prediction,
is presented in the last column. The second row, ground truth patches, and the third
row, Model 2 predictions.

6 Discussion and Conclusions

In this paper, a framework for vessels segmenting on lower-resolution retinal
images was proposed, evaluated and the attained results were presented. A
dataset of train models was assembled and annotated for automatic localization
of retinal areas and for vessel segmentation. For the framework, two CNN-based
models were successfully trained, a Faster R-CNN that achieved a 96% correct
detection of all regions with an MAE of 39 pixels, and a U-Net that achieved a
DICE of 0.7547. This study is precursor to future works to the determination of
eye diseases, such as glaucoma and diabetes, applied to low-resolution images.
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