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Abstract. Glaucoma, the leading cause of irreversible blindness, must be
diagnosed early and thus treated in time. However, it has no noticeable
symptoms in its early stages and may not be detected easily. This paper aims
to compare two well-known convolutional neural network (CNN) structures,
namely Fully Convolutional Networks (FCNs) and U-Net for the
segmentation of the optic disc (OD) and optic cup (OC) from retinal fundus
images which play an important role in glaucoma diagnosis. The
performance of both models is assessed using qualitative parameters such as
the Dice coefficient, Jaccard index, and cup-to-disc ratio (CDR) error. In our
experiment, the U-Net model yields more accurate segmentation results with
0.9601 average pixel accuracy and 0.9255 dice score for OD segmentation,
outperforming the FCNs model with 0.9560 average pixel accuracy and
0.9132 dice score for OD segmentation. However, FCNs have a shorter
inference time of 0. 0043 seconds against U-net’s 0. 0062 seconds making
FCNs more suitable for real-time applications. The restrictions related to
this study include biases from using only one dataset acquired from
particular imaging devices, dependency on mask-based cropping techniques,
and comparison being restricted to two fundamental architectures. This work
presents the contribution of the deep learning models in improving glaucoma
screening and therefore helping in avoiding blindness.

1 Introduction

Glaucoma, a progressive optic neuropathy, is the leading cause of irreversible blindness
worldwide, which severely lowers patients’ living standards [1]. While available treatment
can be conducted in the early stages of the disease, its asymptomatic nature makes it hard to
detect on time [1]. In 2020, it is estimated that around 52 million people worldwide are
affected by primary open-angle glaucoma (POAG), the most common form of glaucoma,
among which 43 million cases are undetected [1]. Moreover, this number is projected to
increase by 53% per cent by 2040, reaching 67 million undetected cases if no significant
improvements in early detection are made [1]. Such an urgent situation underscores the
critical need for accurate early detection of glaucoma and timely treatment to reduce the
detriment caused by the disease.
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An enlarged optic cup (OC) compared to the optic disc (OD) due to the loss of optic fibers
caused by glaucoma is one of the critical indicators used in diagnosing the disease [2]. This
relationship is measured by cup-to-disc ratio (CDR), the ratio between the area of the OD
and the OC, which tends to increase as glaucoma develops. However, traditional methods of
extracting the OD and OC from retinal fundus images require experts to manually draw the
regions, which is extremely laborious and subjective. Because of these limitations, a quicker
automatic OD and OC segmentation method is needed to address these challenges. Advanced
deep learning and computer vision algorithms, especially those utilizing convolutional neural
networks (CNNs), have become widely used in various kinds of image classifications and
segmentations. These technologies are then introduced to accurately segment the OD and OC
from retinal fundus images, enabling the analysis of OD and OC regions, and the diagnosis
of glaucoma with minimal human intervention. State-of-the-art models like the M-Net with
polar transformation and multi-task deep learning models have shown reliable results in OD,
OC segmentation, and glaucoma prediction [3,4]. These models are capable of learning
complex features and patterns from retinal fundus images and thus improve the efficiency
and accuracy of glaucoma detection remarkably.

This paper focuses on two fundamental CNN architectures in computer vision areas:
FCNs and U-Net architecture and employs them to perform OD and OC segmentation tasks
for glaucoma detection. The study evaluates the performance of FCNs and U-Net on the
segmentation task using retinal fundus images. By analyzing and comparing the accuracies
of the predictions and computational efficiency of the two models, this paper tries to
investigate the advantages and disadvantages of each model in segmentation tasks, especially
in the specific context of glaucoma screening. Additionally, this paper examines the structural
differences and explores the reasons behind their performance variations, providing insights
that could guide the development of more effective segmentation models for segmentation
tasks and glaucoma diagnosis.

2 Data and Method

2.1 Datasets

The study utilized the Retinal Fundus Glaucoma Challenge (EE) dataset, an often-used
benchmark for the area, to compare and evaluate FCNs and U-Net models for OD and OC
segmentation tasks [5]. This dataset includes 400 2124 x 2056 training images, 400 1634 x
1634 validation images, and 400 1634 x 1634 testing images with OD and OC masks
accurately annotated by proficient expert ophthalmologists. Moreover, both glaucoma-
affected and healthy retinal images are included in the three sets captured with two different
devices to cover various retinal appearances and lighting conditions for comprehensive
model evaluation. Figure 1 presents some of the example images and masks from the dataset.

Fig. 1. Retinal fundus images and their corresponding masks from the REFUGE dataset with different
lighting conditions (Photo/Picture credit : Original).
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2.2 Method

This paper utilizes the FCNs and the U-Net architectures described below. The FCN
architectures, introduced by Evan Shelhamer et al., transformed from the traditional CNNs
for image classification tasks by replacing the top fully connected layers with convolutional
layers as shown below in Figure 2 [6].
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Fig. 2. Transformation of traditional CNNs to FCNs [6].

This strategy enables FCNs to produce outputs with the same spatial dimension as the
input, and thus perform pixel-to-pixel dense predictions such as semantic segmentation [6].
Moreover, pre-and post-processing methods like superpixels and patchwise training used in
traditional CNNs can be avoided, which greatly improves the computational efficiency of
FCNs [6].

The U-Net model proposed by Olaf Ronneberger et al. is a more complex model based
on the FCNs [7]. This network has a symmetric architecture with a contracting downsampling
path and an expanding upsampling path as shown in Figure 3 [7].
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Fig. 3. U-Net Architecture [7].

It can also be observed from the figure that a technique, later called skip connection
shown as grey arrows, is also used to concatenate the cropped feature maps from the
downsampling path, represented by white blocks, directly with the upsampled blue blocks of
the corresponding layers in the upsampling path [7]. This innovation enables U-Net to
recapture spatial details from the earlier layers, allowing for more accurate segmentations.
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2.3 Implementation details

To train the models, various data augmentation techniques, including flipping, random
rotation, and color modification, were applied to the training set and corresponding masks.
Flipping and rotation help the models to become effective in various object orientations,
while color modification allows the models to generalize better to different lighting
conditions [8]. This approach enhances the diversity of the dataset and thus reduces
overfitting during the training process and improves model robustness. After the
augmentation for the training set, all the images and masks were then padded as needed and
cropped to 512 x 512 pixels with OD centered based on the center of mass calculated from
the retinal fundus mask. This approach ensures the region of interest is well-positioned for
the segmentation task, most of the irrelevant areas are removed and therefore reduces the
computational cost.

Both the FCNs model and the U-Net model used in the study were built on pre-trained
ResNet-18 as feature extractors for consistency, with the final average pooling layer and the
fully connected layer for classification purposes removed [9]. A 1 x 1 convolutional layer
was added for the FCNs model, to convert the number of output channels to the number of
classes, for classification purposes. A transposed convolutional layer was appended then to
enlarge the image back to its original size. For the U-Net model, on the other hand, symmetric
upsampling layers with skip connections were constructed. Both networks were implemented
using Python with the PyTorch package. All experiments are carried out in the Google Colab
environment using an L4 GPU with a memory of 22.5 GB. The Adam optimizer with an
initial learning rate of 1 x 10-4 and a batch size of 16 for the training set with 120 epochs
was used for both training processes.

The loss function used was calculated from the Dice score for each class:

. _ 2xY¥(predjtruej)+e
chei - Y. pred;+}; truej+e (1)
Where Dicei, predi, and truei each stand for the Dice score, predicted probability, ground
truth probability of class i, and € is a smoothing constant, set as 1 x 10-6, to avoid division

by zero. A macro-average was then taken to calculate the final loss:

L=1— YL, Dice; )

where n is the number of classes. In the study, the background class is ignored, and OC,
despite having a different class label from OD, was considered a part of OD when calculating
the Dice score for the OD class, since the OD region overlaps the OC region.

During the training processes, the models with the best performance based on the loss
observed from the validation set were saved to prevent overfitting, and global pixel accuracy
for both the training and the validation set was also recorded. After the training processes,
the OD and OC segmentation performances were measured on the testing set separately based
on popular evaluation metrics, including Dice coefficient (F-Measurement), Jaccard
(overlapping), accuracy, sensitivity, and specificity defined below:
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where tp, tn, fp, and fn stand for true positive, true negative, false positive, and false
negative [10]. Moreover, the error in CDR is also calculated as:

Ecpr = |predcpr — truecprl ®)

where predCDR and TrueCDR stand for the CDR of the prediction and the CDR of the
ground truth. Since CDR is a critical factor in glaucoma diagnosis.

3 Results

The loss and accuracy updates of FCNs and U-Net are shown in Figure 4 and Figure 5
respectively. For both the FCNs model and the U-Net model, the training loss decreases
rapidly during the first 20 epochs and convergences during the 40 to 50 epochs, and the
training global pixel accuracies increase steadily during the first 10 and 15 epochs and
stabilizes at around 20 epochs. The validation loss and accuracy for both models show the
same overall trend, however, more oscillation and instability can be seen during the

validation process for the FCNs model.
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Fig. 4. Loss and accuracy assessment results for the FCN model(Photo/Picture credit : Original).
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Fig. 5. Loss and accuracy assessment results for the U-Net model(Photo/Picture credit : Original).
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As for model complexity shown below in Table 1, the FCNs model has fewer parameters
(11.21 million) and floating point operations (FLOPs) (38.4 billion) compared to the U-Net
model, which has 14.33 million parameters and 43.6 billion FLOPs. This results in a faster
training time, inference time (the time cost to make a single prediction), and significantly less
memory usage for the FCNs model.

Table 1. Model Complexity for the FCNs model and the U-Net model.

Model | Parameters | FLOPs | Training | Memory | Convergence | Inference
time usage epochs time

FCNs 11.21M 38.4B 37.67 2.44 GB 42 0.0043
min sec

U-Net 14.33M 43.6B 42.81 6.34 GB 48 0.0062
min sec

Figure 6 below shows the segmentation results of a sample image from the testing set
using the two models, where the black region represents OC and the grey region together
with the black region represents OD. By comparing Figure 6 (a) and Figure 6 (b), it can be
observed that both models can locate the OC and OD regions. However, both models failed
to segment the OC boundary accurately. For the OD segmentation, on the other hand, it seems
that U-Net performed a bit better by producing output with shape and area closer to the true
mask.
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Fig. 6. Example segmentation results from the FCNs model (a) and the U-Net model
(b)(Photo/Picture credit : Original).

Table 2 below presents the performance metrics for both the FCNs model and the U-Net
model. The U-Net model outperforms the FCNs model in overall global pixel accuracy
(0.9601 £ 0.0029 vs. 0.9560 £ 0.0045) and OD segmentation with higher Dice coefficient
(0.9255 4+ 0.0068 vs. 0.9132 + 0.0111), Jaccard index (0.8613 £ 0.0118 vs. 0.8403 £ 0.0187),
accuracy (0.9744 + 0.0021 vs. 0.9697 + 0.0038), and specificity (0.9731 £ 0.0025 vs. 0.9673
+ 0.0045). However, the FCNs model does perform slightly better than the U-Net model in
terms of OC segmentation with a bit higher Dice coefficient (0.8482 + 0.0206 vs. 0.8406 +
0.0210), Jaccard index (0.7364 + 0.0306 vs. 0.7250 £+ 0.0312), and sensitivity scores (0.8948
+ 0.0306 vs. 0.8785 £ 0.0333). Both the FCNs model and the U-Net model perform quite
well in CDR prediction, with CDR errors of 0.0156 and 0.0140 respectively, which
demonstrate their strong performance on glaucoma-related predictions.



ITM Web of Conferences 70, 03022 (2025)
DAI 2024

https://doi.org/10.1051/itmconf/20257003022

Table 2. Model Performance for the FCNs model and the U-Net model.

Metric FCNs U-Net
Global pixel 0.9560 + 0.0045 0.9601 +0.0029
accuracy
oC
-Dice 0.8482 +0.0206 0.8406 +0.0210
-Jaccard 0.7364 +0.0306 0.7250 £ 0.0312
-Accuracy 0.9862 +0.0018 0.9856 £ 0.0019
-Sensitivity 0.8948 +0.0306 0.8785 +0.0333
-Specificity 0.9903 +0.0019 0.9904 +0.0016
OD
-Dice 0.9132+0.0111 0.9255 +0.0068
-Jaccard 0.8403 +0.0187 0.8613+£0.0118
-Accuracy 0.9697 +0.0038 0.9744 £ 0.0021
-Sensitivity 0.9822 +0.0062 0.9807 +0.0054
-Specificity 0.9673 +0.0045 0.9731 +£0.0025
CDR error 0.0156 +0.0109 0.140 .0105

4 Discussions

As an important step in glaucoma diagnosis, the performance of FCNs and U-Net
architectures for OD and OC segmentation tasks are compared. Based on the experimental
outcomes, it can be seen that FCNs perform slightly better in OC segmentation, but in general,
U-Net produces more accurate and consistent results in pixel accuracy globally across all
classes as well as OD segmentation specifically. This overall improvement could be due to
the use of innovative skip connections in the expanding path of U-Net, which helps U-Net
avoid spatial feature loss in the deeper layers and therefore produces more accurate
predictions.

However, although U-Net yielded more accurate results, FCNs performed computations
faster. Because of this advantage, FCNs are more suited for real-time applications where
speed is of the essence, like large-scale screenings or in situations where segmentation and
instance detections must be completed quickly. The balance between speed and accuracy is
important depending on the clinical settings.

Despite all the findings, there are some limitations to the current study. The REFUGE
dataset is the only dataset used in the experiment where all the training images came from
the Zeiss Visucam 500 device, and all the validation and testing images were taken by the
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Canon CR-2 device [5]. This could impact the models’ performance as images captured by
the same device share similar characteristics, which could have introduced biases to the
models and influenced the models’ generalization abilities. Also, the cropping technique used
in the data preprocessing part depends on the provided mask and thus can not be employed
directly in real-world applications. Moreover, the comparison was only made between the
two fundamental architectures. Future work could include images with various resolutions
from different devices, automatic optic nerve region detection and cropping techniques, and
hybrid multi-task learning architectures that combine the two models and more advanced
preprocessing techniques in the area, such as polar transformation [3].

5 Conclusions

This paper compared FCNs and U-Net structures for the segmentation of OD and OC from
retinal fundus images in glaucoma diagnosis. The analysis of the proposed models was done
using the REFUGE dataset, alongside ResNet-18 as feature extractors, and Dice coefficient,
Jaccard index, accuracy, sensitivity, specificity, and CDR error as evaluation metrics. The
studies revealed that the results obtained by U-Net were better in terms of overall pixel
accuracy and OD segmentation compared to FCNs, this could be attributed to the skip
connection which helps in preserving the spatial details. However, as can be seen from the
analysis of the experiment results, the proposed FCNs achieved slightly higher accuracy in
OC segmentation while requiring faster computations and thus more appropriate for real-
time applications. Moreover, both models are capable of producing results with satisfactory
average CDR error in the prediction of glaucoma cases.

For future improvements, datasets from other imaging devices to enhance the
generalizability of the models and automatic identification and cropping techniques of the
OD regions could be included. More advanced hybrid multi-task learning models could also
be proposed to further improve segmentation performance and glaucoma detection. These
findings highlight the potential of deep learning methods in glaucoma screening and thus
help eliminate blindness and its associated detriments caused by the disease.
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