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Abstract

Introduction: Artificial intelligence has real potential for
early identification of ocular diseases such as glaucoma. An
important challenge is the requirement for large databases
properly selected, which are not easily obtained. We used a
relatively original strategy: a glaucoma recognition algo-
rithm trained with fundus images from public databases and
then tested and retrained with a carefully selected patient
database. Methods: The study’s supervised deep learning
method was an adapted version of the ResNet-50 archi-
tecture previously trained from 10,658 optic head images
(glaucomatous or non-glaucomatous) from seven public
databases. A total of 1,158 new images labeled by experts
from 616 patients were added. The images were categorized
after clinical examination including visual fields in 304 (26%)
control images or those with ocular hypertension and 347
(30%) images with early, 290 (25%) with moderate, and 217

(19%) with advanced glaucoma. The initial algorithm was
tested using 30% of the selected glaucoma database and
then re-trained with 70% of this database and tested again.
Results: The results in the initial sample showed an area
under the curve (AUC) of 76% for all images, and 66% for
early, 82% for moderate, and 84% for advanced glaucoma.
After retraining the algorithm, the respective AUC results
were 82%, 72%, 89%, and 91%. Conclusion: Using combined
data from public databases and data selected and labeled by
experts facilitated improvement of the system’s precision
and identified interesting possibilities for obtaining tools for
automatic screening of glaucomatous eyes more affordably.

© 2023 The Author(s).
Published by S. Karger AG, Basel

Introduction

Open-angle glaucoma (OAG) is a multifactorial
chronic optic nerve disease that can produce irreversible
blindness. Its estimated global prevalence is 3.5% in the
population between 40 and 80 years old and increases
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with age [1]. In 2020, the number of people with OAG
was an estimated 76 million, and it is expected to increase
to 112 million by 2040 [1]. Several population studies
have reported that at least 50% of glaucoma cases remain
undiagnosed in Europe due to the absence of signs and
symptoms. Early diagnosis and appropriate treatment of
OAG are crucial, as they usually prevent permanent
visual disability [2]. Furthermore, early diagnosis has a
relevant impact on the cost of glaucoma management.
The economic burden has been calculated to increase
fourfold between the treatment of early and advanced
OAG [3].

In many cases, glaucoma damage is identified by clinical
examination or imaging technologies, although there is a
high degree of variability in the design and quality of these
studies. Although numerous comparative diagnostic studies
have been performed, no evidence indicates which test or
combination of tests performs better in early glaucoma
diagnosis [4]. The intraocular pressure (IOP) measure is the
most used technique. Above 21 mm Hg is considered a risk
factor for glaucoma development and progression, although
the IOP does not have a Gaussian distribution and 30% of
glaucomas do not exhibit high pressure [5]. In moderate-
advance stages, depending on the morphology of the papilla,
the optic nerve shows typical characteristics of glaucoma-
tous damage: asymmetry of the cup-to-disc ratio, large cup-
to-disc ratio for disc size, neuroretinal rim notch or thin-
ning, disc hemorrhages, vessel bayoneting/nasal displace-
ment, peripapillary atrophy, and others [6]. Finally, eval-
uation of the visual field is also critical since currently the
visual fields reflect the existence of functional damage [4].

Ophthalmic imaging technologies are used with the
rest of the clinical examinations and their agreement is
not always complete. However, they facilitate, in many
cases, earlier recognition of functional loss and improve
the assessment of structure-function correspondence in
early glaucoma [7].

In recent years, artificial intelligence (AI) techniques
have been applied to diagnose and treat glaucoma [8],
including detecting disease progression [9] to facilitate
early detection and stricter control, which would reduce
blindness. However, despite the promising performance
for many of these algorithms, they are not fully incor-
porated into clinical practice. The potential of these
technologies in glaucoma care is recognized, but some
“flaws” must be resolved. In addition, the heterogeneity
among studies affects the algorithmic performance [10].

Some challenges are associated with the clinical
translation of Al technologies into practice, which were
well described by Devalla et al. [8]. First, performance
depends on quality training data. The recommendation is
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that they be trained using very large databases that include
different clinical stages of glaucoma and if they are to be
used for screening among the general population, other
common ocular pathologies in the real world, such as age-
related macular degeneration, diabetic retinopathy, and
others should be included [8, 9]. Second, published areas
under the curve (AUC) values are considered subjective
and do not facilitate an adequate comparison among
different series. Third, race and the geographic region
affect the prevalence rates of glaucoma, and no database
represents the global population [8]. Fourth, most data
series are retrospective with well-diagnosed patients;
however, there is a lack of prospective information that
would provide the true predictive value of the algorithms
[8]. Finally, there is the so-called black-box phenomenon
that makes clinicians reluctant to adopt these tools. It is not
well known how the algorithms discriminate and if the
patterns they extract from the databases are related to
glaucoma or other demographic parameters [8].

There are multiple strategies for obtaining good per-
formance with AT algorithms, many of which are based
on obtaining large databases [11, 12]. However, getting
very large accurate databases is difficult. Obviously,
public databases can be used, even though they usually
have important limitations, such as inadequate infor-
mation in the selection criteria used to acquire the data,
which compromises the results and are difficult to use
with confidence. Nevertheless, Chaurasia et al. [10] re-
ported that 38% of Al studies of glaucoma use public
database information. Recently, public databases have
been used to test improvement in image inpainting al-
gorithms by reducing blurred images, texture distortion,
and semantic inaccuracy [13].

For the current study, the main contributions were as
follows: we propose to use large public database images to
train an Al algorithm and then test it with a protocolized
database obtained from different stages of glaucoma well
characterized by glaucoma specialists. Once the results
were obtained, we retrained the algorithm with new well-
characterized data and checked for performance im-
provement. Upon confirmation, this would allow faster
progress in the development of new algorithms using
existing data. This approach has not been reported in the
peer-reviewed literature.

Materials and Methods

The study goal was to evaluate the ability to improve the
performance of a deep learning technique trained on public da-
tabases glaucoma by training it with a specifically selected database
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of glaucoma patients categorized by different clinical stages. To
achieve this objective, the study was divided into two different
phases. First, a classifier model trained by using images from public
datasets [14] was tested on real practice images (initial sample)
from the dataset from the Instituto de Oftalmobiologia Aplicada
(IOBA) of the University of Valladolid, Valladolid, Spain. Second,
the model was retrained with new images from the same IOBA
dataset (second sample) and then retested with the same test
images (initial sample). All methods described in this section were
developed using the Matlab R2018a programming language
(MathWorks, Inc., Natick, MA, USA).

Data Collection Design

Regarding the public dataset, to train the deep learning model, a
total of 10,658 fundus images from seven different public databases
were used: REFUGE [15], Origa [16], LAG [17], Drishti-GS1 [18],
sjchoi86 [19], HRF [20], and ODIR [21]. Only images labeled as
glaucomatous or healthy eyes were used from each dataset, and
images labeled with other ocular pathologies were excluded. The
disease stage in these databases has not been considered since
many of them did not report the stage [14].

For the IOBA dataset, glaucoma subspecialists selected the
participants from the corresponding units of the following in-
stitutions: IOBA, Hospital Clinico Universitario, and Hospital
Universitario Rio Hortega (HURH) all from Valladolid, Spain.
Subjects were divided into a control group with IOPs below 21 mm
Hg; normal optic disc, visual fields, and nerve fiber layer (RNFL)
thickness; an open angle by gonioscopy; and no history of other
ocular diseases. The ocular hypertension group included patients
with untreated IOPs over 21 mm Hg, normal visual fields, optic
disc, and RNFL; an open angle by gonioscopy; no history of other
ocular diseases; or use of nonsystemic topical corticosteroids. The
glaucomatous eyes, those with IOPs over 21 mm Hg, had re-
peatable visual field defects by Humphrey analysis using the 24-2
strategy and detectable RNFL loss.

The glaucoma stages were classified based on the simplified
Hodapp's classification that defines early glaucoma as the mean
deviation (MD) loss of less than 6 decibels (dB), moderate
glaucoma as a MD loss ranging from loss of 6 decibels to less than
12 dB, and advanced glaucomatous as a MD loss over12 dB with
data from a visual field examination performed less than 6 months
previously [2].

Patients with other ocular pathologies that interfere with image
quality or visual field results were excluded. Congenital anomalies
of the optic disc and patients with high ametropia (>10 diopters)
also were excluded. Fundus images were acquired using three
cameras, the Non-Mydriatic Retinal Camera TRC-NW400
(Topcon®, Japan), the Non-Mydriatic Retinal Camera TRC-NW8
(Topcon®), and the FF450 Plus IR 4.5 Fundus Camera (Zeiss®,
Germany). Two 45-degree images were obtained from each eye,
one centered on the macula and the other on the optic nerve head.
All selected images had a clear view of the disc. Only good-quality
images were included. Images were stored in an anonymized
database.

Using the sample size formula, with a confidence level of 95%, a
margin of error of 5%, and considering that the prevalence of
glaucoma in Spain is 2.1% [22], a sample size of 375 individuals
was determined. However, considering the background described
in the literature [23] and to refine the predictive ability of the
algorithm as much as possible, we increased the sample size.

Ophthalmic Res 2023;66:1278-1285
DOI: 10.1159/000534251

1280

Automatic Al Glaucoma Classifier

The supervised deep learning method used in this study was an
adapted version of the ResNet-50 architecture [24]. Residual
Neural Networks (ResNets) are convolutional neural networks
(CNN) with residual learning, which facilitates training and in-
creases accuracy. Specifically, the ResNet-50 is a 50-layer CNN (48
convolutional layers, one MaxPool layer, and one average pool
layer). The ResNet-50 was pretrained on large datasets such as
ImageNet Large Scale Visual Recognition Challenge [25] and
Microsoft Coco [26] during 90 epochs (passes through the dataset)
with a 5-epoch warm-up.

The net then was adapted to the binary classification task, and
it was trained with labeled glaucoma and control fundus images
from public datasets, using 10% of the training set as a validation
set. The images were used entirely without any segmentation and
resized to 224 x 224 x 3 pixels needed for the ResNet-50 method.
This resizing was performed automatically with the bi-cubic
interpolation before proceeding to the input image layer.

The net was trained using the Softmax cross-entropy loss
function [27] and Adam optimization algorithms [28] during a
maximum of 15 epochs, with early stopping if the loss in the
validation set did not improve for five consecutive epochs. The
learning rate was adjusted using a cosine decay starting at le-4, the
batch size was 64 samples, and the weight decay was 0.9. Data
augmentation techniques were used during training to improve the
robustness of the classifier and avoid overfitting. For example, at
each batch, images were randomly flipped, cropped between 0%
and 10%, translated 0-10 pixels, and rotated between [-90; 90]
degrees.

First Phase

Once the final model was obtained, it was tested on images in
the IOBA dataset to evaluate performance on real images from
clinical practice. To perform this evaluation, 30% of the IOBA
dataset (initial sample) was used, as is usually done in this type of
study [29, 30]. An anonymized dataset was delivered to Trans-
mural Biotech S.L. researchers, who only had access to the images
and the corresponding glaucoma stage and classified according to
visual field results.

Second Phase

The previous model was retrained with newly labeled images
from the IOBA dataset to evaluate the performance on the same
test set again. To do that, the remaining 70% of the IOBA dataset
(second sample) was used with the same CNN configuration as the
previous experiment. The final result was retested with the initial
sample to compare with the results of the first phase.

Results

The IOBA dataset acquired to retrain and test the deep
learning model included 1,158 45-degree fundus pho-
tography images centered on the macula and focused on
the optic nerve head of 1,158 eyes from 616 patients. The
images were distributed as follows: 304 images (26%) from
the control group or ocular hypertension, 347 images
(30%) from eyes with initial glaucoma, 290 images (25%)
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Table 1. The number of control and

glaucoma images of the different Dataset Glaucoma Control Total images
?:;ajizs uiza?;?ntragége;t, and retrain Training dataset (7 public databases) 2,511 8,147 10,658
P 9 Testing dataset (30% IOBA) 269 9% 365
Retraining dataset (70% IOBA) 585 208 793
Total 3,365 8,451 11,816

IOBA, Instituto de Oftalmobiologia Aplicada.

from eyes with moderate glaucoma, and 217 images (19%)
from eyes with advanced glaucoma. Table 1 shows the total
images used in this study divided into the testing dataset
(initial sample) and the retraining dataset (second sample).

First Phase

Shown in Figure 1, the ROC curves obtained by the
ResNet-50 CNN algorithm trained on the public database
on the initial sample of selected glaucoma patients. The
area under the receiver operating characteristic curve ob-
tained was 76% for the entire set, 66% for early glaucoma
cases, 82% for moderate cases, and 84% for advanced cases.

Second Phase

Shown in Figure 2, the ROC curves for the same initial
sample after retraining the ResNet-50 CNN algorithm
with the second sample of glaucoma selected patients.
The AUC was 82% for the entire test set, 72% for early
cases, 89% for moderate cases, and 91% for advanced
cases.

Discussion

In the current study, a relatively original strategy was used
to train, test, and improve an Al method that could be useful
to detect glaucoma in real patient data. The selected deep
learning method was the ResNet-50, which is considered
adequate, in that several authors with the same objective have
already used it and obtained good results similar to other
deep learning techniques at least for detecting glaucomas in
an ocular hypertension sample [31]. The state-of-the-art
typically uses convolutional layers to represent fundus
photographs with one-dimensional visual features [10, 31].

The first approach was to train the method with fundus
images from public databases, as other authors did [10].
This strategy allows access to numerous images but
obviously is limited because the labeling was uncertain
and there was no information about their clinical staging.
The resulting model was tested with an IOBA database of
fundus images appropriately labeled.

Deep Learning Application to Detect
Glaucoma

The strategy allowed the detection of the glaucoma
stages, with low AUC values in the initial glaucomas and
similar values to those of other publications in moderate
and advanced results. The results indicated that the
proposed deep learning method can differentiate eyes
with diagnosed glaucoma (in all stages) more effectively.

The AUC achieved, i.e., 76% for the first experiment on
the global sample, is similar to the ranges of other studies.
Chaurasia et al. [10] reported a range of Al performance
measured in AUC from 79.2% to 99.9% across different
studies. Nevertheless, these authors emphasized the
heterogeneity across studies and reported many factors
affecting the diagnostic performance. Finally, they rec-
ommended implementing a standard diagnostic protocol
for grading, implementing external data validation, and
analysis across different ethnicity groups.

Most studies included in the meta-analysis [10] used
private data (67.1%) to train the Al models and evaluate
the diagnostic performance, while others resorted to
public bases. However, only 13% used external validation
to evaluate the model performance according to the
study’s inclusion and exclusion criteria.

Few studies have used a strategy similar to ours, so it is
difficult to make comparisons. Chaurasia et al. [10] used
only three studies with a combination of public and
private bases. The average AUC was 88.6%, similar to the
current results.

One of the differential facts of our work is that we
analyzed the results by clinical stages of glaucoma, from
initial to advanced cases. Few studies have addressed the
performance of Al techniques based on the evolutionary
stages of glaucoma [32].

In all analyses, the same result was seen, excellent
AUC values and low values in the initial glaucomas. An
advantage of the labeled series used in the current
study is that the patients were studied exhaustively
structurally and functionally and classified according
to the visual field alterations. When only advanced
glaucoma was detected, the values were higher as in our
series where advanced glaucoma was detected in up
to 91%.
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Fig. 1. ROC curve for prediction task for the first experiment. The dashed line shows the global AUC for the entire
dataset and the other lines show the AUC for each glaucoma stage.

The second approach of our study was to retrain the
model with images from the same population as tested.
Improvement in the AUC values between the first and
second phases seemed evident, but it must be kept in
mind that, as mentioned in the Introduction, the AUC
may not be the most appropriate method for comparing
different AT strategies. Devalla et al. [8] suggested that the
AUC does not allow an adequate comparison among
series, so new metrics should be assessed.

In any case, the use of images from the IOBA dataset to
retrain the model resulted in an effective improvement in
algorithm performance not only in the entire set but also
in the different stages in which glaucoma was classified.
This could indicate that, with a large number of new
appropriately labeled data to retrain the algorithm, it
would still obtain better results.
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The current study had several limitations. One was the
relatively small number of images used to train and test
the algorithm compared to other studies, although it can
be considered that more than 11,000 images have been
used in the current study (public plus selected database).
Mursch-Edlmayr et al. [9] affirmed that studies like this
may need up use up to 100,000 images that cover all stages
of the disease spectrum to obtain reliable results. Fur-
thermore, these results should be externally validated in a
larger multicenter study with prospective data acquired in
routine clinical practice. Fan et al. [31] affirmed that the
Al-based diagnostic accuracy for glaucoma diagnosis
using fundus photography and optical coherence to-
mography imaging was not better in external datasets
compared to the original data source. Different glaucoma
definitions between the external datasets also may explain

Cellini et al.
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Fig. 2. ROC curve for prediction task for the second experiment. The dashed line shows the global AUC for the
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the differences in performance (e.g., visual field vs. expert
photography review, cup-to-disc ratio, etc.) [31].
Another limitation was that the clinical variables of the
patients, such as age, ethnicity, etc., have not been
considered due to the current database being limited to
patients from a Spanish region. This limitation should be
considered if a generalized use of this type of algorithm is
intended. Finally, another limitation, mentioned by
Mursch-Edlmayr et al. [9], was the lack of knowledge of
whether the accuracy results obtained can be generaliz-
able to populations of patients in the real world where
prevalent comorbidities exist, such as cataract and ocular
surface disease, which negatively affect image quality.
The main strength of the study was that the current
method was trained with large public databases and also was
tested on data obtained under a clear protocol and, therefore,
perfectly labeled. We believe that the use of different databases
worldwide gives more robustness to the algorithm compared
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to others that have used only one database. However, the use
of public databases has the uncertainty of how the outcome of
the pathology was acquired, making it difficult to judge the
potential of the proposed tools to detect glaucoma. Therefore,
the use of data, specifically selected and reviewed by glaucoma
experts, to test the model provides confidence that the
proposed method will work in a real population of glaucoma.
According to Chaurasia et al. [10] only 5% of the Al studies in
glaucoma used public and private databases together.
Therefore, we consider that this combination of datasets is a
reasonable strategy that deserves further investigation.

In the future, we will feed the database with more
perfectly labeled patients to verify how far the learning
capacity of these classifiers extends. If the results are
adequate, the algorithm will be subjected to external
validation with a real-world nonselected population.

We must also consider the constant evolution of Al
techniques. It is accepted [33] that deep CNNs can effectively
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improve the performance of single-image super-resolution
reconstruction. Nevertheless, deep CNNs will lead to an
important increase in the size of parameters, limiting its
application. Thus, other procedures are tested.

In conclusion, the current results support further re-
search to continue to develop automated AI methods to
achieve better results in detecting glaucoma in fundus
images, in unselected populations, thus contributing to
earlier diagnosis of this challenging disease.
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