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Vision is one of the most important senses for human beings because we can
understand the world around us. However, the organ connected to this sense,
the human eye, is susceptible to pathologies leading to partial or total loss of this
sense. Part of these problems include Glaucoma and Cataracts, which represent
a large part of the cases related to the loss of sight [6,25]. Moreover, according
to [31], Glaucoma is a pathology that, due to its silent way of acting, may soon
become the leading cause of blindness, estimating a total of 118.8 million people
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Abstract. Cup and optic disc segmentation has become one of the main
objects of study in the field of creating and improving machine learning-
oriented models due to the importance of vision for human beings and the
ability to assist physicians in diagnosing ocular problems. Within this con-
text, this study presents a new method based on the proportional divi-
sion of images concerning features extracted from the sample set. These
samples go through a pre-processing step involving image resizing before
going to deep feature extraction and K-means clustering, thus dividing
the set for validation and training. Soon after, the amount of samples is
increased through data augmentation before going on to the U-Net train-
ing. The proposed method has been evaluated on the public RIM-ONE
and DRISHTI-GS datasets, and presented promising results in the seg-
mentation of both structures, with emphasis on obtaining the value of
92.2% of Dice for the segmentation of the optic cup in the DRISHTI-GS
test dataset and 95.9% of Dice for the optic disc in the RIM-ONE.
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These eye diseases can be detected early with examinations that physicians
can perform, such as the use of structural tests for a clinical analysis of the
optic disc on OCT images. Functional tests are based on standard automated
perimetry, which is an analysis of the individual’s field of vision [28]. Early
treatment can be initiated by analyzing and checking retinal structures such as
the cup and the optic disc. Due to the human effort required for these tasks and
the growing number of cases linked to these diseases, algorithms that use Deep
Learning for the segmentation and classification of the structures of the human
eye have been developed and improved to provide concise and robust results,
facilitating the work done by professionals in the area [2,5,8,14].

The optic disc and cup are the structures most targeted in the retinal seg-
mentation task. However, such a task proves to be challenging for even the most
refined neural networks, with emphasis on the optic cup due to its size, tonality,
and the presence of other surrounding structures such as blood vessels [32]. Such
structures are arranged in Fig. 1. To deal with the difficulty of this task, image
processing techniques have been used, such as extraction of a region of interest
(ROI) that aims to highlight only the part of the original image that contains
the structures [21,32] and the extraction of the green channel from the image
[15]. Important highlighted is the use of architectures using Deep Learning that
has created near state-of-the-art learning models.

(A) (B)

Fig. 1. (A) represents the disc and optic cup area, while (B) delimits these areas. The
larger circle is the disc, and the smaller one is the optic cup. Adapted from [24]

We propose an approach that works directly with the optic cup and disc
segmentation region to have a balanced set of samples. Differing from related
work that has been heavily concerned with preprocessing the images laid out for
training [12,16,21], using as architecture the U-Net neural network with encoder
from ResNet-34 presented by [32]. The proposed method includes an initial step
of proportional separation of the images used in the training/validation of the
model, according to features extracted concerning the disc and the optic cup,
seeking a balancing in the number of samples arranged in each set of images
aiming to improve the generalization of the segmentation model produced.

Our study contributes to segmenting fundus images, precisely the optic cup
and optic disc, by sampling the results and obtaining an approach heavily based
on sample separation by balancing the sets used for training using feature extrac-
tion previously extracted from the samples available for training.
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This paper is organized as follows: Sect. 2 presents the related works to the
fundus retinal structures segmentation in images. Section 3 details the materials
and method of this work, including datasets, the proposed method with propor-
tional division approaches, and the experiment set-up. In Sect. 4, we present the
results of the proposed method. Section 5 discusses the results. Finally, Sect. 6
presents the conclusions and suggestions for future work.

2 Related Works

Segmentation of retinal structures is one of the most addressed tasks in the lit-
erature, in which several approaches are used to obtain good results. [34] used
entropy techniques in union with a uniform set of fundus examination samples
used by a convolutional neural network based on boosting filters. As much as
modifications to the architectures have been widely applied, [12] preferred to
use the standard U-Net architecture without modifications to it by applying
image processing techniques working with eye fundus scans in an even smaller
proportion when compared to the works cited here. [21] using image processing
techniques, extracted a region of interest from the set of fundus exams for seg-
mentation of the optical cup, which soon after is passed to U-Net architecture for
segmentation. [26] proposed for the segmentation of retinal structures an archi-
tecture named ResFPN-Net, based heavily on multi-scale feature extraction that
combined previously extracted features with new ones found. Such methodology
allowed the segmentation of the disc and the optic cup to obtain positive results
when compared to related works. [16] aimed at the segmentation of the optic
cup and the optical disk through operations directly on the masks contained
in the training set, applying modifications to the pixels contained in the edges,
which were binary values of 0 or 1, to numbers generated through probabilities,
as architecture the traditional U-Net was used.

For the classification of glaucoma fundus scans, [29] was able to achieve better
results than related works on a sample set using as architecture implementation
of U-Net, named U-Net++. In addition, hyperparameter optimization was used
with a loss function that combined the binary entropy with the Dice coefficient
function, performing a subtraction between the two equations.

Using only the DRISHTI-GS dataset, [30] construed a framework to aid the
classification of Glaucoma in fundus examination samples. To accomplish such
a task, two custom CNNs were implemented, each used for disk and optic cup
segmentation. In addition, image processing techniques, such as edge detection,
image dilation, and erosion application, were used to ensure that good results
were obtained in segmenting the targeted structures.

As much as our study performs the segmentation of retinal structures sepa-
rately, works regarding the simultaneous segmentation of the optic cup and the
optic disc have been developed as [1]. The authors used a more diversified train-
ing concerning the number of samples available for training with the accession
of a new set of fundus exams, the ORIGA dataset, in addition to the use of
the DenseNet architecture for the simultaneous segmentation of the optic disc
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and the optic cup, obtaining results superior to the methods used as a reference
in large datasets. As a result of the advance in segmentation-oriented neural
networks, hybrid architectures have emerged, increasing the potential of con-
volutional networks already known by the scientific community. An example is
the integration of residual backbones that provide robust and dynamic learning
due to the number of parameters and shortcuts that the final model presents
[32]. Due to these advantages, good results were obtained by [32] integrating
the pre-trained residual backbone of ResNet-34, thus avoiding training from the
beginning, together with the U-Net, for the segmentation of retinal structures.

3 Materials and Method

3.1 Image Datasets

The public retinal image datasets DRISHTI-GS [23] and RIM-ONE [10] were
selected for the experiments. These datasets were chosen because both are widely
used for training architectures focused on the segmentation/classification of reti-
nal fundus images. The DRISHTI-GS dataset contains 101 images in its entirety
with a resolution of 2896 x 1944 pixels and with a field-of-view of 30°. In compar-
ison, the RIM-ONE presents 159 images with a resolution of 2144 x 1424 pixels.
Each image was used without cropping, without ROI extraction, thus differen-
tiating from the works used as references [21,32]. The bases were used together
for the training process. The Fig. 2 and Fig. 3 shows a sample of the Drishti-GS
and RIM-ONE dataset respectively.

Original fundus eye image  Original optic disc label Original optic cup label

Healthy case

Original fundus eye image  Original optic disc label Original optic cup label

Fig. 2. Original sample of the Drishti-GS dataset. Originally, each mask contained in
the dataset is composed of several markings for the optical cup and optical disk.
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RIM-ONE dataset sample

Original fundus eye image  Original optic disc label Original optic cup label

Original fundus eye image  Original optic disc label Original optic cup label

Fig. 3. Original sample of the RIM-ONE dataset. Each sample is composed of a pair
of the same fundus eye exam.

3.2 Proposed Method

The proposed method is organized in the following steps: (1) preprocessing, (2)
proportional split of samples, which can be done by extracting deep features or
working with the average number of pixels for each mask from the training set,
(3) data augmentation, (4) U-net with ResNet-34 backbone. Figure4 presents
the methodology steps.
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Fig. 4. Proposed Method. The proposed method uses mostly the same operations for
both optical cup and optical disk segmentation.
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Preprocessing. In the preprocessing step, the images were resized to 256 x 256
pixels, aiming to test the performance of the proposed method in an even smaller
image than [32], which used the dimensions 512 x 512 pixels, thereby using fewer
computational resources for model generation. Due to the change in the dimen-
sions of the samples to a smaller value than the original shape, one can expect
more difficulty from the architecture used for training in segmenting the struc-
tures, particularly that of the optic cup.

Proportional Division. Both datasets present for each image the disc delim-
itation and optic cup to be used in training, emphasizing the DRISHTI-GS
masks with several labelings performed by experts. Thus, for each image in the
DRISHTI-GS dataset, the demarcation with the smallest segmentation region
was selected because, as previously mentioned, regions with small segmentation
areas are challenging to segment, so to test the proposed methodology, such a
choice was made. The RIM-ONE dataset has, for each image, only one label.

The proportional splitting approach was inspired by the work of [9], in which
they proposed proportional splitting based on tumor size and pixel intensity
to better distribute images from CT scans of the kidneys into the training,
validation, and test sets. To define the division based on texture, the authors
have defined a threshold (pixel intensity) that separates the reference cases into
cases with light and dark tumors. Their goal of segmenting kidney tumors was
improved with proportional splitting. In our study, we evaluate proportional
splitting based on the area and texture of the regions of interest. In the latter
approach, we set the split automatically using deep features and clustering using
k-means.

Area Based Proportional Division. The mask annotations area of the train-
ing samples was initially used as the separation parameter to divide the training
set evenly. The optic cup and the optic disc are represented by a set of white
pixels in the masks in both datasets used. The area was obtained considering
the number of pixels in each segmentation region. Next, the entire set of images
for training is traversed to obtain the average area that references the region
of interest contained in the masks. Thereafter, images are categorized as “large
region of interest” or “small region of interest” according to their area compared
to the average area. The perfect distribution would be 50% of images with the
large area and 50% with the small area. However, this task is challenging due to
the original arrangement of the DRISHTI-GS and RIM-ONE datasets that are
originally unbalanced. Thus, the dataset’s proportional splitting shows a varia-
tion of 20% concerning the perfect balancing in the worst-case distribution for
this approach. The representation of this approach can be seen in Fig. 5.
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Fig. 5. Flow of operations for the proportional division based on the segmentation
area.

Splitting Based on Deep Features 4+ K-Means. This approach differs
from the previous one because a network was used for feature extraction on the
training set. The purpose of this new method was to verify the effectiveness of the
texture features in the activity of the image’s proportional division. After several
experiments, the ResNet-34 model was used to perform feature extraction, which
proved to be more efficient than other architectures previously used for the same
task, such as VGG19, ResNet-50, and VGG16. Figure6 shows steps for this
approach.

l Feature Extraction with

Train Resnet-34
samples

K-means
clustering

Fig. 6. Feature Extraction Approach using the ResNet-34 model.

After extraction, samples with similar characteristics are clustered using the
K-means algorithm [11]. The silhouette coefficient was used to define the value
for the number of clusters. This coefficient is calculated using Eq. 1.

b(x) — a(x)

S) = max(b(z), a(z))

(1)

In which z represents an element in the 7 cluster, a(x) is the average distance
of z to all elements in the 7 cluster, and b(x) represents the average distance of
z from all points in another 7 cluster. The interval of values for Eq. 1 is [—1, 1],
where the closer to 1 the better defined the clusters are [22]. An interval [2-5]
of k values was evaluated. At the end of the process, the selected number with
the best silhouette coefficient was K = 2.
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Data Augmentation. To increase the number of dataset images, new images
were generated performing operations of rotation, contrast change, and blur
through the transformations of the Albumentation framework [7]. This genera-
tor moves the images at 45° angles in a scaling limit of 0.5, rotates the images
vertically and horizontally with a probability of 50%, and also, in this same prob-
ability, applies filters and lighting effects such as Gaussian noise. It is important
to note that due to the 50% value, previously established, each image may or
may not be modified with all the operations determined.

To define a test set for the RIM-ONE dataset, of the 159 images initially
contained in the same dataset, a percentage of 20% of these images were destined
for the creation of a test set, totaling 30 images from the RIM-ONE for post-
training evaluation and 129 images from the same dataset for training. Overall,
129 samples from the RIM-ONE combined with 50 images from the DRISHTI-
GS, totaling 179 images, proceeded to be distributed into ten folds used during
the k-folding technique to ensure a more reliable and robust validation process
[19]. After repartitioning, each fold went through a data augmentation step,
resulting in a total of 4,180 images summing all the samples in each fold. The
test datasets remained unchanged without data augmentation.

Network Architecture. The neural network architecture used was U-Net [20]
modified with the path encoder based on ResNet-34, as proposed in [32]. The
standard U-net structure is present in the up-sampling decoding layers, while
the down-sampling layer features the ResNet-34 model, containing a 7 x 7 con-
volutional layer and 64 filters. After that, there are 4 residual blocks, containing
each block two 3 x 3 convolutional layers presenting shortcuts between each con-
nection [32].

Each residual block has, respectively, 3 connections in the first block, 4 in the
second, 6 in the third and 3 in the last, with each block of 3 connections having
batch normalization, and an exponential increase in the number of filters by a
factor of 2, thus starting with 64 filters and ending at 512 in the last block. Each
decoding block contains a 2 x 2 convolution transposed layer obtained from the
previous layer with a stride of 2, concatenated with a 1 x 1 convolution for each
respective block contained in the down-sampling section. The already concate-
nated tensor goes through the batch normalization process before proceeding to
the next decoding layer. Finally, in the last layer, the last transposed convolution
occurs, which returns an image with the same dimensions as the input image.
Figure 7 illustrates the complete architecture of the neural network used.
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Fig. 7. Hybrid U-Net architecture with the ResNet-34 backbone. Adapted from [32]

3.3 Evaluation Metrics

We used as evaluation metrics the Dice coefficient (DiceScore) (Eq.2), which
aims to measure the similarity between two samples. In this work, the similarity
between the generated mask prediction and the reference mask and the Jaccard
index (JaccardScore) (Eq. 3) is calculated by dividing the pixels of the prediction
concerning the reference mask of the image.

. 2xTP
DiceScore = SXTP L+ FPTFN (2)
TP
JaccardScore = TP L P+ FN (3)

In which TP represents pixels correctly labeled as being from the optic cup or
optic disc, FP represents pixels misclassified as the optic cup or optic disc, and
FN pixels misclassified as not being optic disc or optic cup.

3.4 Experimental Set-Up

In the network training, binary entropy weighted cross entropy was chosen as the
loss function [18]. Its purpose is to act with a better proportion of the weights
contained in each image and its respective mask, assigning for each class (0 and
1) a corresponding weight. This function is described in Eq. 4. The choice of such
a function made it possible to avoid class unbalances.

Loss=(axtxp +ax((t—1)x(p—1))) —(a—1) (4)

where « remains at the negative value of —1, ¢ represents the target value, the
mask of the image according to experts, and p is a prediction image that was
generated by the network.



Training U-Net with Proportional Image Division 131

Each fold was trained for 30 epochs with a batch size of value 4 with a
learning rate set at le-4 with a decay of 0.5 every 10000 steps. In addition,
the Early Stopping technique was used with the patience set to 3 epochs [13].
These parameters were set after performing training in addition to using the
HyperOpt library [4]. All experiments were performed on hardware configured
with NVIDIA GeForce GTX 1660 TI video card with 6 GB of RAM.

4 Results

Using the DRISHTI-GS and RIM-ONE test datasets, this section aims to demon-
strate the values obtained to measure the accuracy of the model generated by
the proposed method. The DRISHTI-GS dataset initially presented 50 images
for training and 51 for testing, while the RIM-ONE had 159 images without
division. After the augmentation, the number of images in the DRISHTI-GS
and RIM-ONE datasets composing the training samples was 1,150 and 3,030,
respectively.

Initially, experiments were performed to evaluate the performance of the
chosen architecture, comparing the metrics obtained with a set of distinct archi-
tectures. It is important to note that the IOU metric in the following tables
represents the JaccardScore equation seen in Sect. 3.3. Results for these exper-
iments are shown in Table 1, for the DRISHTI-GS test dataset, and in Table 2,
for the RIM-ONE test dataset. Importantly, these results were obtained with-
out extracting Deep Features but using only the proportional division based on
the image area. These architectures were chosen to measure the methodology’s
effectiveness on a deeper residual architecture with more layers (ResNet-50) and
one with fewer training parameters (MobileNetV2).

Table 1. Optic disc and optic cup segmentation results. DRISHTI-GS test dataset.
(*) means using proportional division based on area.

Architecture Optic Disc Optic Cup
Dice Score | IOU Score | Dice Score | IOU Score

U-Net with Resnet-50 95.4 92.2 89.0 78.9
U-Net with Resnet-50 (*) 96.0 93.1 90.2 80.4
U-Net with MobileNetV2 94.3 91.1 88.0 77.3
U-Net with MobileNetV2 (*) | 95.0 91.0 89.2 79.1
U-Net with Resnet-34 96.0 92.2 89.5 79.9
U-Net with Resnet-34 (*) 96.1 92.4 90.4 81.6

After analyzing the values in both tables, it is possible to notice that the
proposed U-Net model with ResNet-34 using proportional division is the most
effective in segmenting the optic cup and the optic disc in the test sets of both
datasets used in the experiments. Notably, the values obtained in the optic cup
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Table 2. Optic disc and optic cup segmentation results. RIM-ONE test dataset. (*)
means using proportional division based on area.

Architecture Optic Disc Optic Cup
Dice score | IOU score | Dice score | IOU score

U-Net with Resnet-50 96.0 92.0 84.6 72.5
U-Net with Resnet-50 (*) 96.0 92.4 85.0 73.3
U-Net with MobileNetV2 95.4 91.0 81.9 67.5
U-Net with MobileNetV2 (*) | 96.0 91.1 83.4 68.7
U-Net with Resnet-34 95.2 91.3 85.1 73.4
U-Net with Resnet-34 (*) 96.3 91.8 85.4 73.6

segmentation stand out in both test samples, thus demonstrating that the appli-
cation of proportional division proves beneficial regarding the results obtained
in the tested networks.

For both optic cup and optic disc segmentation, the pre-trained U-Net model
with the Resnet-34 backbone was used by modifying only the images for training
and validation. Table 3 and Table 4 show the results obtained on the DRISHTT-
GS and RIM-ONE test dataset, respectively, compared to the results of the
works used as reference. It is important to point out that our work differs from
the related works in a large number of parameters, from the number of folds
used in the cross-validation, to the architecture and image base itself, so it is
very difficult to make a direct comparison with each of the authors cited in the
results tables. This time, there is the inclusion of the proposed methodology that
couples proportional splitting with feature extraction and K-means clustering.

Table 3. Optic disc and optic cup segmentation results. DRISHTI-GS test dataset.
(*) means using proportional division.

Method Optic Disc Optic Cup
Dice score | IOU score | Dice score | IOU score

[34] 97.3 91.4 87.1 85.0
[21] - - 85 75
1] 94.9 90.4 82.8 71.1
[32] 96.4 94.2 88.7 78.0
[12] - - 95.0 79.0
[26] 91.6 - 73.3 -
[16] 93.0 95.7 93.3 94.4
[29] 97.0 94.7 95.0 93.2
[30] 98.7 93.2 97.1 92.1

Area based (*) 96.1 924 91.6 83.4

Deep Feature Extraction (*)|96.3 93.2 92.2 84.3
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Table 4. Optic disc and optic cup segmentation results. RIM-ONE test dataset. (*)
means using proportional division.

Method Optic Disc Optic Cup
Dice score | IOU score | Dice score | IOU score

[34] 94.2 89.0 82.4 80.2
[21] 95.0 89.0 82.0 69.0
[1] 90.3 82.8 69.0 55.6
[32] 96.1 92.5 84.4 74.2
[12] 96.1 88.3 89.0 76.2
[26] 87.3 - 75.9 -
[16] 93.2 88.4 78.6 65.9
[29] - 92.0 - 89.0
Area based (*) 96.4 91.8 87.2 76.7
Deep Feature Extraction (*)|95.9 91.1 87.8 77.1

Analyzing the results shown in Table 3, the proposed method presents favor-
able and promising results, approaching the highest values of related works. It is
important to note that in most cases, the proportional splitting with deep fea-
ture extraction and K-means clustering presented higher metrics when compared
to the area method based, highlighting the gain in Dice and Jaccard results in
the segmentation of the optic cup. Examples of the predictions generated by
the proposed method on the DRISHTI-GS test dataset of both the optic cup
and the optic disc can be seen in Fig.8 and Fig.9, respectively, while Fig. 10
presents the optic cup segmentation with the lowest Dice value obtained on the
DRISHTI-GS test dataset, which was 83%.

(A) (B) ©

Fig. 8. Segmentation of the optic cup. With (A) meaning the original image, (B) the
ground truth and (C) the prediction. Sample of the DRISHTI-GS test dataset.
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(A) (B) ©

Fig. 9. Optic Disc Segmentation. With (A) meaning the original image, (B) the ground
truth and (C) the prediction. Sample of the DRISHTI-GS test dataset.

Fig. 10. Optic cup segmentation result with the smallest Dice value of 83%. With (A)
meaning the original image, (B) the ground truth and (C) the prediction. Sample of
the DRISHTI-GS test dataset.

For the RIM-ONE test dataset, the proposed model follows the same pattern
seen in the DRISHTI-GS test samples, with results close to the highest values
found in reference works and an increase in the metrics with the use of feature
extraction for the segmentation of the optic cup. There was a decrease concerning
the metrics obtained of 0.5% points for the Dice metric and 0.7% points for the
Jaccard metric. Examples of predictions generated by the proposed method on
the RIM-ONE test dataset from both the optic cup and the optic disc can be
seen in Fig.11 and Fig. 12, respectively, while Fig. 13 presents a sample that
obtained 69.7% Dice value.

(A) (B) ©

Fig. 11. Segmentation of the optic cup. With (A) meaning the original image, (B) the
ground truth and (C) the prediction. Sample of the RIM-ONE test dataset.
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(A) (B) (9]

Fig. 12. Segmentation of the optic disc. With (A) meaning the original image, (B) the
ground truth and (C) the prediction. Sample of the RIM-ONE test dataset.

Fig. 13. Optic cup segmentation result with the smallest Dice value of 69.7%. With
(A) meaning the original image, (B) the ground truth and (C) the prediction. Sample
of the RIM-ONE test dataset.

5 Discussion

After analyzing the set of values obtained through the experiments performed,
the application of proportional division showed promising results in the segmen-
tation tasks, both of the disc and the optic cup, with emphasis on the latter, in
which the values surpassed those of [32] that used the same architecture for the
segmentation of the same structures. Notably, the results were achieved accord-
ing to the best parameters that made it possible to find the set of best metrics
until now.

Furthermore, integrating feature extraction and sample clustering using the
K-means technique improved the optic cup and the optic disc segmentation.
Overall, the experiments conducted with the U-Net model modified with ResNet-
34, with proportional splitting, demonstrated through the results, show that a
robust learning procedure using a distributed training set of samples assists in
obtaining better results in the segmentation of the optic cup and the optic disc.

The effectiveness of using a balanced training set through a balanced division
of the samples was shown. Even if there is room for improvement, our study
presents robust results approaching the best values in the tables shown in the
results section. However, our method cannot perform an utterly proportional
division of the training samples when using the area method-based due to the
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unbalanced nature of the RIM-ONE and DRISHTI-GS datasets. However, this
methodology comes very close to the balanced division approach, which involves
Deep Feature Extraction and K-Means clustering.

6 Conclusion

A good set of training samples is essential to obtain good results when seg-
menting a retinal structure. In this paper, we compare two methods that aim
to work directly on the division of samples from the training set so that we
have the most balanced training set at the end of the process. First, we used
the division area-based method of the masks available for training. This method
showed consistent results in segmenting the optic cup and the optic disc in both
datasets, even though it presented an unbalanced sample rate. Next, the sepa-
ration with Deep Feature Extraction and K-means clustering was used, which
showed improvements in the metrics obtained by the previous methodology.

In future works, we intend to expand the set of images by adding new image
dataset such as ORIGA [33] and REFUGE [17]. It is also intended to investigate
new deep learning architectures, such as the use of a hybrid network of U-Net
with EfficientNet that shows promising results in segmentation tasks [3] and,
together, a model that also uses the U-Net with an architecture consisting of
hierarchical bottlenecks that prove to be useful for multi-segmentation tasks
[27].
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