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Abstract. Glaucoma is a chronic, progressive eye disease caused by
gradual damage to the optic nerve and is considered the major cause of
irreversible visual damage. Because it is impossible to reverse the loss of
vision caused by the disease, early detection is essential that interventions
can be carried out in the early stages of the disease to stop its progression.
Fundus imaging is one of the main methods used to diagnose the disease,
making it possible to assess the cup-to-disc ratio by a specialist. In this
work, we propose a method based on deep learning, which uses fundus
images to help detect the disease in its early stages. In this way, the
proposed method can have clinical use and be used to develop tools for
classifying more serious disease cases. As a best result, the proposed
method achieved a kappa value of 0.83.
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1 Introduction

Glaucoma is an ophthalmological disease identified as the second leading cause of
blindness and the main cause of irreversible visual damage, [8,28]. It is estimated
that the total number of people with glaucoma worldwide is approximately 80
million [24], with 1.5 million cases registered in Brazil, according to the Brazilian
Council of Ophthalmology (CBO) [7]. However, the number of registered cases
does not reflect the total number of people with the disease due to the difficulty
of early diagnosis since there are no symptoms in the early stages [20]. According
to a survey [21] carried out by the Brazilian Society of Glaucoma (SBG), 41% of
the people interviewed do not know what glaucoma is, and 39% are unaware of
the probability of blindness. These data suggest that there is little concern with
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disease prevention and that most cases will only be detected when symptoms are
present. This indicates an advanced stage of the disease in which visual damage
and blindness cannot be avoided.

The disease is a disorder in which excessive intraocular pressure (IOP) causes
damage to the optic nerve. This damage leads to a progressive loss of peripheral
vision, which can progress to total vision loss [29]. CBO estimates point out
that in Brazil, there are 1.6 million blind people, with glaucoma being one of
the three main causes of blindness [6]. Although irreversible, the loss can be
avoided if medical procedures are performed in the early stages of the disease.
According to the World Health Organization (WHO) [28], only 11% of people
who received timely diagnosis and treatment reported having acquired moderate
or severe damage resulting from the most severe forms of the disease.

The necessary interventions to avoid visual damage caused by increased
intraocular pressure must be carried out in the early stages of the disease. Glau-
coma can be detected using medical images such as fundus images and Optical
Coherence Tomography (OCTs) [1]. Analyzing fundus images makes it possi-
ble to detect changes in clinical parameters that indicate the disease, such as
increased excavation of the optic nerve [22]. However, the analysis of a large
number of exams takes a lot of time, being exhausting for the specialist [13]. In
this context, automatic methods that can help specialists detect glaucoma using
medical images may have great potential for clinical use. Approaches based on
deep learning have shown promising results in image classification tasks [14,27].

This study presents a method based on deep learning for automatically classi-
fying the glaucoma stage using fundus images from different datasets. The main
objective of this work is to present a method that can be used to develop tools
that can facilitate the early diagnosis of the disease. In this work, the perfor-
mance of an optimized Convolutional Neural Network with an architecture that
combines convolutional blocks from two SOTA models [16,23], which received
fundus images as input, was investigated.

The main contributions of this work are a) a CNN architecture optimized
for grading the glaucoma stage based on medical images (fundus images); b) an
easily configurable method and expandable convolutional neural network archi-
tecture that combines Dense and Inception blocks for glaucoma grading.

The remaining sections are organized as follows. Section?2 presents some
related works. Section 3 presents the proposed method. Section4 presents the
results and evaluation of our method. Section 5 concludes this paper.

2 Related Work

Several methods have been proposed for the detection of glaucoma using fundus
images. Most methods are based on deep learning, and more recently, Vision
Transformers [9]. Another characteristic present in most of the proposed meth-
ods is the capture of the optic disc region for classification since the main biolog-
ical marker for the detection of glaucoma is the excavation of the optic disc [5].

An architecture that combines features extracted from fundus images and
images containing only the optic disc region was presented in [12]. The work
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aims to classify the images from the GAMMA dataset into early, progressive,
and non-glaucoma. Feature extraction was performed using a network with two
extraction levels, with the Resnet34 CNN as the backbone.

The work developed in [17] aims to segment and classify fundus images.
The model was named EffUnet-SpaGen and contains two stages, a U-shaped
convolutional neural network where the method segments the optical disc and the
cup, EffUNet. The model also presents a spatial generative algorithm, SpaGen.
The model outputs 99.7% AUROC in the Origa dataset.

In [10], a method was proposed that performs the decomposition of the optic
disc region present in fundus images, the BEMD, (Bi-dimensional Empirical
Mode Decomposition). The research presents a VGG 19 with multiple inputs,
thus being a multilevel network. The original image will feed the network, and
from the image, the BEMD will be made, and the decompositions will serve
as input for the other network inputs; after the convolution stage, they have
concatenated all the outputs. Finally, the SVM classifier classifies in glaucoma
or not glaucoma. The proposed method, trained on the Refuge dataset, presents
99.0% and 96.9% accuracy when tested on the Refuge and Origa-light datasets,
respectively.

Li et al. [18] evaluates the performance of four CNN Resnet models
(Resnet34/50/101/152) for glaucoma stage classification on the GAMMA test
set. The best result was a kappa value of 0.699, using the ResNet34 model. In
[4], supervised contrastive learning was used to train a ResNet model to perform
feature extraction from fundus images. As the best result, a kappa value of 0.728
and an accuracy of 0.830 were achieved.

Tian et al. [25] present a GC-Net to classify images from the GAMMA dataset
into non-glaucoma, early-stage glaucoma, and progressive glaucoma, using as
input optic disc regions. A pre-trained CNN forms the proposed architecture
used as a feature extractor and an attention module formed by a global attention
block and a class attention block, achieving as best result a kappa value of 0.894.

In [11], a comparison was made to evaluate the classification capacity between
a CNN (ResNet50 model) and a DeiT network (Distilling Vision Transformers)
[26]. The two networks were trained on a private dataset and were tested on five
public datasets, with the Deit network achieving superior results compared to
CNN ResNEt50.

3 Materials and Method

The proposed method uses a convolutional network based on the DenseNet [16]
and Inception [23] models for predicting stages in early or progressive glau-
coma (intermediate and advanced glaucoma). The proposed method uses fundus
images for model training and evaluation. In this work, we optimized the model’s
hyperparameters, evaluating the number of dense blocks and the number of lay-
ers per block and searching for the best architecture for prediction. The method
used for developing this research comprises five main steps: Image acquisition,
image preprocessing, model construction, model tuning, and model evaluation.
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The steps of the proposed method, along with some keywords that summarize
each step, are shown in Fig. 1.

Non-Glaucoma

Image Image Model Model

= Model Tuning —»| Early Glaucoma

Acquisition | | Preprocessing| | Construction Evaluation
:
* ORIGA * Resizing « Hyperparameter * Tuning « Accuracy
* GAMMA * Data Optimization Step * F-Score
Augmentation  « Training step (GAMMA) « Recall
(ORIGA) « Precision
« Kappa

Fig. 1. Steps of the proposed method.

3.1 Image Acquisition

Origa [30] and Gamma [29] image datasets, both publicly available, were used in
this work. The Origa dataset comprises 650 fundus images, divided into two
classes (482 non-glaucoma samples and 168 glaucoma samples. The gamma
dataset comprises 100 fundus images, divided into three classes (50 non-glaucoma
samples, 26 early glaucoma samples, and 24 progressive glaucoma samples). In
this work, the training set with available labels was used. The GAMMA test set
only has images, which prevents the use of supervised learning techniques and
restricts the evaluation of results to challenge participants only.

3.2 Image Preprocessing and Data Augmentation

The pre-processing was carried out with the purpose of preparing the data that
will be used in the following steps. Each sample was pre-processed, where the
image pixels’ normalization was performed, color channel standardization, and
resizing to the 224 x 224 resolution due to hardware limitations.

Data Augmentation was used to improve the model’s performance in which
it was applied. Therefore, synthetic images were created to reduce the imbalance
between existing classes. We used the Albumentations [3] library to apply two
image transformations: GaussNoise and RandomGamma. Data augmentation
was only applied to the Origa dataset. At the end of the data augmentation
process, 336 synthetic images were generated, totaling 504 glaucoma samples.

3.3 Model Construction

In this step, the search for the best hyperparameters of a neural network that has
its architecture based on the DenseNet and Inception networks was carried out.
The proposed architecture has dense blocks, each containing convolutional blocks
similar to those of the Inception network. The architecture is shown in Fig. 2.
During the optimization process, a search was carried out by the number of dense
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blocks and the number of layers (Inception blocks) per block to find the best
architecture to achieve the proposed objective. The complete hyperparameter
search space is presented in Table 1. Models were trained for classifying fundus
images in glaucoma and non-glaucoma using samples from the Origa dataset,
which was divided into 70% for training, 10% for validation, and 20% for testing.
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Fig. 2. Network Architecture.

Table 1. Hyperparameter Search Space.

Parameter Search Space | Distribution

Number of Dense Blocks | [2, 3] Categorical

Layer per Block 2, 3] Categorical

Growth Rate [16, 32] Categorical

Compress Factor [0.5, 1] Categorical
[

Dropout 0.2, 0.3, 0.4] | Categorical

3.4 Model Tuning

In the previous step, models were trained using the samples from the ORIGA
dataset [31], balanced after the data augmentation process. For the purpose of
carrying out transfer learning, the model that achieved the best results in the
classification of images in glaucoma and non-glaucoma was chosen to be adjusted
for the classification of samples from the GAMMA dataset, which has samples
from three classes, non-glaucoma, early-stage glaucoma, and progressive-stage
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glaucoma. At this stage, the chosen model has its classifier replaced by one
adjusted for the three-class classification task. This classifier consists of two
fully connected layers followed by one each of Global Average Pooling and a last
layer composed of three neurons with softmax activation. A new training of the
model was carried out, using 90% of the samples from the GAMMA dataset,
with 10% of the samples being separated to evaluate the models.

3.5 Model Evaluate

After training, the models were evaluated using the split test, formed by 10%
of fundus image samples from the GAMMA dataset. Models were evaluated in
terms of precision (1), recall (2), fl-score (3), accuracy (4) and kappa score (5).

P=rpirp g

5= 7P PN @)
Fl:ZXT;:ZJ€+FN 3)
Ace = TP+1:CZJ\;1ZZ~:];+ FN @
kappa = k = plO:;): (5)

in which TP is the number of True Positive predictions; TN is the number of
True Negative predictions; FP is the number of False Positive predictions; FN is
the number of False Negative predictions; pg is accuracy and p. is the sum of the
products of the actual and predicted numbers corresponding to each category,
divided by the square of the total number of samples.

4 Results and Discussion

This work proposes a method for grading the glaucoma stage using fundus
images and transfer learning. In the model-building stage, the hyperparame-
ters and architecture optimization of CNNs models for classifying fundus images
in glaucoma and non-glaucoma was performed using samples from the ORIGA
dataset. In the tuning step, models that achieved the highest metrics in the
previous step were fine-tuned for classifying fundus images in early, progressive,
and non-glaucoma using samples from the GAMMA dataset. The Hyperopt [2]
framework was used to perform the hyperparameter search. The results achieved
using CNN model DenseNet121 and the best results achieved using the optimized
architecture in the split test are presented in Table2. The confusion matrix is
presented in Fig. 3.
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Table 2. Best results from the methodology proposed in the GAMMA dataset.

Model Precision | Recall | F1-Score | Accuracy | Kappa
Densel21 0.65 0.70 10.64 0.70 0.51
Proposed Method | 0.90 0.90 |0.89 0.90 0.83

normal

early
glaucoma

True labels

progressive
glaucoma

normal early progressive
glaucoma glaucoma

Predicted label

Fig. 3. Confusion matrix, glaucoma grading stage task using the optimized architec-
ture.

The results show that the pre-trained model built with dense and incep-
tion blocks achieved promising results in classifying the stage of glaucoma using
fundus images. Figure4 presents an activation map created to visualize which
regions of the images were decisive for the predictions made by the model.
Through them, it is possible to see that the optic disc region was decisive for
classification, which was expected due to the cup-to-disc ratio being a biological
marker for detecting and classifying the glaucoma stage [25].

As the GAMMA dataset was released recently, few related works used the
dataset. One of the factors that makes comparison difficult is the unavailability of
the image labels that form the preliminary test dataset, which are only available
to challenge participants. Furthermore, some of the studies aim to segment the
disc and optical cup [15,19], without presenting results on the glaucoma grading
stage.
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Fig. 4. Class Activation Map.

Despite the results achieved by the proposed method, it is important to high-
light that it needs to be evaluated on other datasets, which have a greater num-
ber of images, making it possible to evaluate the generalization capacity of the
models better. However, this is difficult because no other datasets with fundus
images labeled early, progressive, and non-glaucoma are publicly available.

5 Conclusion

In this paper, we present a method in which it was proposed to create a special-
ized model capable of distinguishing between eyes with glaucoma and healthy
eyes, optimizing the hyperparameters of the neural network during this phase.
Furthermore, the developed model was subsequently used to grade the glau-
coma stage using fundus image samples in non-glaucoma, early glaucoma, and
advanced glaucoma.

The results show that the use of a network that combines dense and inception
blocks achieved good results, enabling not only the detection of glaucoma but
also the classification of stages of the disease, which allows more severe cases to
be identified more quickly, and that interventions be made to stop the progress of
the disease. Furthermore, it allows cases of early-stage glaucoma to be identified
to begin treatment, avoiding permanent vision impairment.

This work evaluated a network that uses convolutional blocks from other
CNNs widely used in image classification and segmentation tasks. To find an
optimal architecture to achieve the proposed objective, a search for hyperpa-
rameters was carried out, with the main purpose of finding the number of dense
blocks and layers per block to build the classification model. The results show
that using dense blocks formed by Inception blocks increases the classification
capacity of the models. However, since there were few images for training, only
models with few blocks achieved good results. Deeper models with many blocks
performed poorly, with gradient disappearance as the likely cause of overfitting.
Despite results close to related works, new tests need to be carried out to analyze
the robustness and generalization capacity of the models.
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In future works, we intend to evaluate the use of multilevel architectures

requiring optical disk capture, which would be used as input for a second level
of feature extraction. It is also necessary to evaluate other convolutional blocks,
such as VGG networks, which could be evaluated as layers of dense blocks.
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