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Abstract
Purpose  To investigate the performance of deep convolutional neural networks (DCNNs) for glaucoma discrimination using 
color fundus images
Study design  A retrospective study
Patients and methods  To investigate the discriminative ability of 3 DCNNs, we used a total of 3312 images consisting of 
369 images from glaucoma-confirmed eyes, 256 images from glaucoma-suspected eyes diagnosed by a glaucoma expert, 
and 2687 images judged to be nonglaucomatous eyes by a glaucoma expert. We also investigated the effects of image size 
on the discriminative ability and heatmap analysis to determine which parts of the image contribute to the discrimination. 
Additionally, we used 465 poor-quality images to investigate the effect of poor image quality on the discriminative ability.
Results  Three DCNNs showed areas under the curve (AUCs) of 0.9 or more. The AUC of the DCNN using glaucoma-
confirmed eyes against nonglaucomatous eyes was higher than that using glaucoma-suspected eyes against nonglaucomatous 
eyes by approximately 0.1. The image size did not affect the discriminative ability. Heatmap analysis showed that the optic 
disc area was the most important area for the discrimination of glaucoma. The image quality affected the discriminative 
ability, and the inclusion of poor-quality images in the analysis reduced the AUC by 0.1 to 0.2.
Conclusions  DCNNs may be a useful tool for detecting glaucoma or glaucoma-suspected eyes by use of fundus color images. 
Proper preprocessing and collection of qualified images are essential to improving the discriminative ability.

Keywords  Artificial intelligence · Deep convolutional neural network · Deep learning · Ocular fundus color image · 
Glaucoma

Introduction

Glaucoma is a leading cause of blindness in people aged 
older than 60 years and is predicted to affect approxi-
mately 80 million people by 2020 [1]. As aging is one of 
the major risk factors for glaucoma, the number of patients 
may become higher in the future as societies age, including 
Japanese society [2]. Glaucoma is a chronic and irreversible 
eye disease. The majority of glaucoma patients are often 
asymptomatic until the disease reaches an advanced stage, 
and the number of ophthalmologists is not sufficient to diag-
nose patients before the symptoms present. Therefore, an 
automatic diagnostic system would play an important role 
in early screening to halt or slow the progression of glauco-
matous optic neuropathy (GON).

Intraocular pressure (IOP) is the most important factor in 
the progression of glaucoma, but a previous epidemiologic 
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study indicated that the IOP of the majority of Japanese 
glaucoma patients was within the normal range [2], indicat-
ing that IOP has low significance as a screening factor for 
glaucoma.

Glaucoma is a disease that causes characteristic optic 
nerve head damage and corresponding visual field defects, 
and the most effective screening for glaucoma is the detec-
tion of characteristic changes in the optic nerve structure. 
However, precise evaluation of GON can be performed only 
by trained physicians, and the number of these is insufficient 
for patient screening. The necessary expertise is inaccessi-
ble to a major part of the population, especially in develop-
ing countries. Therefore, an automatic diagnosis system for 
glaucoma is highly necessary.

Inspired by the recent success of applying deep learn-
ing for the detection of diabetic retinopathy and glaucoma 
in retinal fundus photos [3–6], we examined the applica-
tion of deep learning, especially deep convolutional neural 
networks (DCNNs), for glaucoma screening among Japa-
nese individuals. To examine their discriminative ability in 
detecting glaucoma and the determinant factors for its diag-
nosis, in the present study, we experimented with 3 popular 
DCNNs, VGG, ResNet, and DenseNet, using 2-dimensional 
color fundus photos. We also visualized the weights of the 
ResNet and DenseNet models that were used to make the 
decision on each image.

Patients and methods

This study was conducted as part of a project to construct 
a fundamental database of medical information, including 
ocular images using information and communication tech-
nology (ICT) and artificial intelligence (AI), for general-
izing future ophthalmologic care undertaken and supported 
by the Japan Agency of Medical Research and Development 
(AMED).

The study was approved by the institutional review boards 
(IRBs) of the Japan Ophthalmologic Society, Yamanashi 
University, the National Institute of Informatics, and Yama-
nashi Koseiren Hospital. This study was also performed 
in accordance with the Declaration of Helsinki. The IRBs 
waived the need for written informed consent because of the 
retrospective nature of the study and the use of anonymized 
fundus photographs. Fundus images were anonymized with 
the use of identification numbers at the University of Yama-
nashi or at Yamanashi Koseiren Hospital, where the images 
were taken, and then sent to the National Institute of Infor-
matics, where the deep convolutional neural network analy-
ses were performed. The fundus photograph was taken at 
a field angle of 45 degrees using the TC50DX (Topcon) at 
University of Yamanashi Hospital and the CR2 (Canon) at 
Koseiren Hospital. Two datasets were prepared to examine 

the discriminative performance for glaucoma and the factors 
influencing the results.

Main dataset for the discrimination of glaucoma

Two sets of fundus photo collections were prepared for this 
purpose. The first dataset included images from patients with 
a confirmed diagnosis of glaucoma who visited the Yama-
nashi University glaucoma outpatient clinic from January 
2017 to February 2017 (referred to as YMU-gla). The sec-
ond dataset included consecutive patients who received med-
ical examinations from January 2017 to February 2017 at the 
Yamanashi Koseiren Hospital (referred to as KOSEI). For 
the diagnosis of glaucoma, in the case of the YMU group, 
the following conditions were satisfied: GON defined by 
the criteria of the Japan Glaucoma Society Taiji Glaucoma 
Epidemiological Survey [2] and corresponding visual field 
loss confirmed by a static visual field test (Humphrey static 
perimeter program 30-2 or 24-2; Carl Zeiss Meditec) [7]; 
positive evaluation by glaucoma automatic discrimination 
optical coherence tomography (OCT) programs including 
optic nerve head analysis, parapapillary retinal nerve fiber 
layer thickness measurement, and ganglion cell complex 
measurement (CIRRUS HD-OCT; Carl Zeiss Meditec); and 
agreement in diagnosis among more than 2 ophthalmolo-
gists. In the case of the KOSEI group, 1 glaucoma specialist 
(K.K.) judged between glaucoma and nonglaucoma with the 
same diagnostic criteria for glaucoma (KOSEI-gla) and non-
glaucoma (KOSEI-normal) as those used in the YMU group. 
The exclusion criteria for the YMU and KOSEI groups 
included fundus images showing any diseases other than 
glaucoma; those showing any diseases causing a glaucoma-
like appearance in the optic disc; and those judged by the 
specialists to be difficult to diagnose owing to poor quality 
such as defocused or blurred images, insufficient inclusion 
of the surroundings, or overexposure of the optic disc. We 
performed 3 comparisons to analyze the discriminative abil-
ity because it was impossible to eliminate cases of suspected 
glaucoma completely from the KOSEI-gla images that may 
have influenced the discriminative ability. Comparison 1 
compared the YMU-gla images with the KOSEI-normal 
images, comparison 2 compared the KOSEI-gla images with 
the KOSEI-normal images, and comparison 3 compared the 
YMU-gla images combined with the KOSEI-gla images and 
the KOSEI-normal images.

Supplemental dataset

In clinical settings, ophthalmologists must commonly diagnose 
images of poor quality, which is a challenge when evaluating 
fundus images, even among experts. To investigate the effect 
of poor-quality images on the results, we prepared a dataset 
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containing images of poor quality from the YMU and KOSEI 
groups.

Poor-quality images of glaucoma eyes were defined as those 
that satisfied the following conditions: the glaucoma specialist 
(K.K.) experienced difficulty diagnosing glaucoma using the 
fundus image owing to a defocused or blurred image; insuf-
ficient inclusion of the surroundings; or overexposure of the 
optic disc head and some additional information supporting 
the existence of glaucoma including a history of glaucoma, 
previous clear fundus images, OCT images, and a visual field 
defect corresponding to GON. We also used poor-quality 
images of glaucomatous and nonglaucomatous eyes from the 
KOSEI groups that met the following conditions: poor-quality 
images with similar characteristics to those described for the 
poor-quality glaucoma images, but the glaucoma specialist 
(K.K.) could conclude whether the eye was glaucomatous or 
not.

Data preprocessing

We first cropped the background of the input images; the 
resulting images were then resized to squares of 256-x-256 
and 512-x-512 pixels. During training, we applied several data 
augmentation methods, such as random flipping, random rota-
tion, and random color jittering. The input image size to the 
network was 224/448 for the 256/512 input images.

Evaluation criteria

We used the area under the receiver operating characteristic 
curve (AUC) to evaluate the performance of the glaucoma 
diagnosis. This curve shows the trade-off between sensitivity 
and specificity, which are defined as:

Sensitivity =
TP

TP + FN
, Specificity =

TN

TN + FP
,

where TP, TN, FP, and FN are the number of true-posi-
tives, true-negatives, false-positives, and false-negatives, 
respectively.

Frameworks

We formulated glaucoma detection as a binary classification 
problem (Fig. 1) and used convolutional neural networks 
for the learning of the image representation. The whole net-
work was trained end-to-end by minimizing the binary cross-
entropy loss. In this work, we used VGG19 [8], ResNet152 
[9], and DenseNet201 [10]. All of these networks consist 
of multiple convolutional layers followed by pooling layers 
and activation layers. At the end of these networks are 1 or 
2 fully connected layers. ResNet and DenseNet further use 
residual connections or dense connections in their architec-
tures to transmit input as well as gradients between distant 
layers.

Impact of image resolution on discriminative 
performance

Because image resolution may influence the results, we com-
pared the results with respect to the input image size. First, 
if the input image size was larger than the standard size, we 
inserted an adaptive average pooling layer before the first 
fully connected (FC) layer. This preprocessing guaranteed 
a fixed-size input into the FC layer regardless of the input 
image size. Then, we compared the discriminative ability 
between the 256-x-256 and 512-x-512 images using VGG19.

Heatmap visualization

The definition of the parts of the image that contribute the 
most to the decision of the network is important and can be 
accomplished using the class activation map method pro-
posed by Zhou and colleagues [11]. This method can be 

Fig. 1   Performance comparison 
among 3 DCNNs
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applied directly with the output of the ResNet and DenseNet 
models because they, unlike the VGG network, use global 
average pooling (GAP) before the FC layer.

Interference caused by poor‑quality images 
in evaluation accuracy

The influence of poor-quality images contained in a data-
set on discriminative ability is important to investigate. We 
combined the main and supplemental datasets to analyze the 
discriminative ability using the same 3 models.

Results

Main dataset

Of all the collected images, 18.1% of the images were 
excluded from the analysis because they did not satisfy 
the enrollment criteria. The final dataset contained 3312 
images in total, of which 369 were glaucoma cases col-
lected at YMU (referred to as YMU-gla); 256, glaucoma 
cases collected at KOSEI (referred to as KOSEI-gla); and 
2687, nonglaucoma images obtained at the KOSEI hospital 
(referred to as KOSEI-normal). To investigate differences in 
the results between the datasets from the different institutes, 
we divided the whole collection into subgroups including 
training (50%), validating (25%), and testing splits (25%), 
as indicated in Table 1.

Supplemental data set

We also collected 465 poor-quality images, comprising 
363 KOSEI-normal images, 64 YMU-gla images, and 38 
KOSEI-gla images, for the supplemental dataset. Some 
example images are shown in the supplemental figure.

Comparison of DCNNs

Figure 1 shows the performances of the VGG, ResNet, 
and DenseNet in the 3 comparisons. Both the VGG19 and 

DenseNet201 showed similarly high AUCs of more than 
0.97, and the ResNet152 had an AUC of approximately 0.9. 
The comparison between the YMU-gla and KOSEI-normal 
images showed a slightly better AUC than that between the 
KOSEI-gla and KOSEI-normal images.

Effect of image size

Table 2 shows the comparison of the results with respect to 
input image size. While image size was an important fac-
tor for the detection of diabetic retinopathy in our previous 
study, we found that it did not affect glaucoma detection, at 
least in our dataset.

Heatmap visualization

Figure 2 shows 2 output heatmaps, one for predicting a 
positive image (top) and the other for predicting a negative 
image (bottom). The heatmaps show that the optic disc area 
tends to be a greater area of focus in the predictions. This 
observation is interesting because the optic disc is the pri-
mary area examined for glaucoma diagnosis.

However, owing to their low resolution (interpolation 
from the 7-x-7 grid), we did not consider the heatmaps to 
be particularly helpful in understanding why the network 
made the decision.

Therefore, we focused on the optic disc area to obtain 
higher resolution heatmaps. We trained the classifiers again 
on the optic disc images. First, we segmented the optic disc 
area using a previously described method [12]. We were able 
to detect the optic discs for 3143 of 3312 images (94.8%) 
and reevaluated the discriminative ability. The models that 
were trained on the optic disc images performed similarly 
to the models that were trained on the full image, therefore 
confirming our observation that the network relies mainly 
on the optic disc area to make the prediction.

Effects using poor‑quality images on discrimination

Thereafter, we used dataset (c) as the training data to train 
the classifier. Two datasets, the YMU and KOSEI, were 
prepared to be used as test data to examine the effect 
of poor-quality images (Table 3). A set of 465 images 

Table 1   Conditions of 3 datasets and data splits

Numbers in parentheses indicate the percentage of glaucoma or glau-
comatous cases

Conditions Training Validating Testing

(a) YMU-gla. vs KOSEI 
normal

1528 (14.5) 764 (12.2) 764 (13.7)

(b) KOSEI-gla. vs KOSEI 
normal

1471 (9.4) 736 (9.7) 736 (9.5)

(c) YMU-gla. + KOSEI gla. 
vs KOSEI normal

1656 (22.8) 828 (24.1) 828 (23.2)

Table 2   Performance of VGG model with different sizes of the input 
images

Image size 
(pixel)

YMU-gla 
vs KOSEI-
normal

KOSEI-gla 
vs KOSEI-
normal

YMU-
gla+KOSEI-gla 
vs KOSEI-normal

256 x 256 0.9999 0.8920 0.9775
512 x 512 0.9998 0.8934 0.9776
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was included as poor-quality images. We prepared 2 set-
tings for this study. Setting 1 consisted of 1656 images for 
training, 828 images for validation, and 828 clear images 

and 465 poor images for testing. On the other hand, set-
ting 2 consisted of 2484 images for training, 828 images 
for validation, and 465 poor images for testing. A sig-
nificant drop in performance, as indicated by a signifi-
cant decrease in the AUC, was observed when testing the 
same model on the dataset that included the poor-quality 
images (Fig. 3).

Figure 4 shows the plots for the AUC scores associated 
with the inclusion of a varied number of training images. 
We used the VGG19 network and ran each experiment 10 
times and calculated the mean along with the standard 
error. We observed that increasing the number of training 
images definitely improved the AUC.

Fig. 2   Representative heatmap visualization

Table 3   Conditions of 2 datasets including poor-quality images and 
data splits

Numbers in parentheses indicate the percentage of glaucoma or glau-
comatous cases

Conditions Training Validating Testing Testing 
of poor 
images

1 1656 (22.8) 828 (24.1) 828 (23.2) 465 (21.9)
2 2484 (23) 828 (24.1) 0 465 (21.9)

Fig. 3   Influence of poor-quality 
images on performance of 3 
DCNNS
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Discussion

The present study investigated the performance of 3 con-
ventional DCNNs for glaucoma discrimination using color 
fundus images and the factors related to this discriminative 
ability. We found that the 3 DCNNs examined showed simi-
lar but not equivalent discriminative abilities, with AUCs 
of approximately 0.9. Furthermore, the optic disc area was 
shown to be the most important region for glaucoma dis-
crimination, but no significant difference was found in the 
discriminative ability when the resolution was increased by 
focusing on the optic disc area. Finally, the image quality 
affected the discriminative ability.

We observed a dataset bias in our results; the AUC of 
the glaucoma patients from the YMU dataset was much 
better than that of the glaucoma patients from the KOSEI 
dataset. Similarly, a previous paper showed that the AUC 
values for glaucoma discrimination were not the same 
among multiple datasets [4]. Some possible explanations 
are available. First, the GON among the glaucoma-con-
firmed cases may be more advanced than that among the 
glaucoma-suspected cases. Although we consecutively 
selected glaucoma-confirmed cases that satisfied the 
entry and exclusion criteria in this study, differences in 
the severity of GON between the glaucoma-confirmed 
cases and the glaucoma-suspected cases cannot be ruled 
out. Second, other diseases that appear similar to GON 
may have contaminated our dataset because we did not 
perform a visual field test or OCT examination to con-
firm the diagnosis for these eyes. Third, the diagnosis of 
the glaucoma-suspected cases was judged by 1 glaucoma 
specialist, which may have resulted in diagnostic bias. 
Fourth, the quality of the photos, including the resolu-
tion and instrument, were not the same between YMU 

and KOSEI, which may have influenced the discrimina-
tive ability. To minimize this possibility, we prepared a 
dataset that included images from the 2 datasets. Indeed, 
the discriminative abilities were very similar. Because 
the number of patients in this study was not large, further 
study with a much larger dataset is necessary to address 
these possibilities.

The present study showed that the quality of the image 
affects the discriminative ability. Therefore, collecting high-
quality images is important for better discrimination. How-
ever, in actual clinical practice, some fundus images are of 
poor quality, exhibiting poor characteristics such as defo-
cused, blurred, and insufficient inclusion of the surroundings 
and overexposure of the optic disc. Indeed, Li and colleagues 
reported that GON with coexisting pathologic or high myo-
pia is the most common cause of false-negative results [6]. 
In their study, approximately 17% of all enrolled fundus 
images were excluded from the analysis owing to poor qual-
ity or poor image location, which is a similar percentage 
to that observed in the present study. Because the heatmap 
analysis revealed that the optic head is the most important 
region in glaucoma discrimination, we may obtain a similar 
discriminative ability by focusing on the optic nerve head 
region to that obtained by targeting the whole fundus region. 
Data cleaning or other image preprocessing methods for bet-
ter discriminative ability should also be considered.

Generally, availability of more images results in a higher 
discriminative ability. The 3 DCNNs used in the present 
study showed comparatively good AUC results with those 
observed in previous studies [4, 6, 13], although the number 
of images enrolled was smaller than those in the previous 
studies. Glaucoma may be a suitable disease for AI analysis, 
and the use of AI may be supportive for glaucoma discrimi-
nation during medical examination.

Fig. 4   Effects of the number of 
training images on discrimina-
tive performance for glaucoma
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The present study has some limitations. The number of 
images studied was small, and the glaucoma discriminative 
ability exhibited an AUC of approximately 0.9. For clinical 
use, a higher AUC is necessary. In the present study, the dis-
criminative ability was shown to increase with an increase 
in the number of included images. Therefore, the efficacy of 
the DCNNs in discriminating glaucoma should be investi-
gated using a greater number of images. The present study 
examined confirmed cases of glaucoma and suspected cases 
judged by glaucoma specialists, but some cases exhibited 
highly deformed optic discs that are even difficult to diag-
nose by glaucoma specialists. Future studies must discrimi-
nate glaucoma more precisely. For example, some previous 
studies have used OCT or other instruments for this purpose 
[14]. The development of an AI system with a high discrimi-
native ability must use various images. Although there was 
an imbalance in the 3 datasets between glaucomatous and 
healthy individuals, the evaluation by AUC had the effect 
of avoiding the influence of imbalance. It is well known 
that glaucoma severity may influence discriminative ability. 
Since we did not investigate the effect of glaucoma severity 
in this study, it is necessary to perform this in further studies.

Because glaucoma is an irreversible and progressive dis-
ease, the prognosis must be confirmed to provide proper 
treatment choices. Research on prognosis prediction using 
visual field test results is underway [15, 16], but the devel-
opment of a system that can make a prognosis judgment 
is necessary. Furthermore, various eye diseases other than 
glaucoma or pathologic conditions suggesting the existence 
of systemic diseases can be detected in the fundus, and the 
development of systems to distinguish these diseases should 
be pursued.

We have empirically shown that the optic disc is the most 
crucial part of the image for glaucoma diagnosis. However, 
there are several structural features that indicate the presence 
of glaucoma, including nerve fiber layer defects and optic 
disc hemorrhage, which may improve the discriminative 
ability for glaucoma. Unfortunately, excellent annotations 
of glaucoma-specific evidence in AI analysis have not been 
fully undertaken. Our future work employing AI systems 
for early detection and proper treatment of glaucoma should 
further our understanding of this field.
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