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Effective management of glaucoma is essential for preventing irreversible
vision loss. This study introduces a novel deep learning-based network
designed to enhance performance while minimizing computational
complexity. The system comprises two models: the first is a hybrid model
combining a customized U-Net architecture integrated with you only look at
coefficients (YOLACT) is utilized to achieve accurate segmentation of the
optic disc (OD) and optic cup (OC), providing detailed diagnostic insights
for ophthalmologists. The second model employs you only look once
version 5 (YOLOv5) for real-time glaucoma prediction, delivering
outstanding performance with an accuracy of 97.89% and F1 score of 98%
on the primary dataset. On an independent dataset without further training,
the model achieved 96% accuracy, with sensitivity and specificity of 98.9%
and 93.3%, respectively. These results highlight the model's robustness,
generalizability, and adaptability, demonstrating its potential for effective
glaucoma screening and early detection in diverse clinical environments.

This approach offers a promising advancement in improving the

You only look once version 5 app Tel
accessibility and efficiency of glaucoma management.
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1. INTRODUCTION

Glaucoma, a prevalent ophthalmic condition, leads to progressive damage to the optic disc (OD) and
optic nerve head (ONH), crucial structures linking the eye to the brain, which results in gradual deterioration
of the visual field [1], [2]. This condition is often described as having asymptomatic early stages, with
symptoms becoming evident only as the disease advances, potentially leading to severe peripheral vision loss
or total blindness [3]. By 2040, the number of glaucoma cases worldwide is projected to reach 111.8 million
[4], making it a leading cause of irreversible blindness and contributing to 20% of global blindness cases [5].
Glaucoma affects approximately 0.5% of individuals under fifty and up to 10% of those over eighty [6].
Early detection and proper treatment are vital to prevent these serious consequences [7].

The diagnosis of glaucoma depends on detecting optic nerve cupping and changes in the central
portion of the OD. Examining a fundus image of a patient's eye manually requires the expertise of specialized
ophthalmologists [8]. While expert ophthalmologists can interpret OD images to some extent, machine
learning classifiers often outperform human observers [9]. Accurate glaucoma detection hinges on the precise
segmentation of the OD and optic cup (OC), which presents significant challenges, primarily owing to the
obstructive influence of blood vessels.
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Various approaches for OD and OC segmentation have been explored, including both deep learning
and non-deep learning methods. While non-deep learning methods are typically more efficient in terms of
computational speed, they often struggle to achieve the same level of accuracy as deep learning techniques.
The following sections provide a detailed review of these methods and discuss how they inform the current
approach, beginning with non-deep learning approaches and followed by recent advancements in deep
learning techniques, each of which offers unique advantages and limitations for OD and OC segmentation.

Several studies have employed non-deep learning approaches to achieve OD and OC segmentation,
often utilizing similar techniques to enhance performance. Issac et al. [6], Zainudin et al. [10] both utilized
adaptive thresholding as part of their segmentation processes. Issac et al. [6] included features like mean and
standard deviation while extracting pertinent data from the red and green channels in fundus images, reaching
an accuracy of 92.06%. Zainudin et al. [10], in contrast, applied color channel separation for pre-processing
to eliminate noise from fundus images before using adaptive thresholding and morphological processing for
segmentation, resulting in a peak signal-to-noise ratio (PSNR) value of 64.09. Similarly, Nugroho et al. [9],
Septiarini et al. [11] employed morphological methods to segment the OC and detect glaucoma.
Nugroho et al. [9] combined morphological reconstruction with convex hull techniques for OC segmentation
and used active contouring for OD, reaching accuracies of 96.3% and 99.13% for OD and OC segmentation,
respectively. However, the study was limited by the small size of the dataset used. Septiarini et al. [11], on
the other hand, introduced cup area contour analysis using morphological methods and thresholding to
extract ONH features, achieving a 94.44% accuracy with a support vector machine (SVM) classifier. For
feature selection, Singh et al. [12], [13] explored optimization algorithms. Singh et al. [12] proposed the
gravitational search optimization algorithm (GSOA) to identify influential features and trained six machine
learning models, reaching an accuracy of 95.36%. In a subsequent study, Singh et al. [13] developed a hybrid
algorithm by merging emperor penguin optimization (EPO) with bacterial foraging optimization (BFO),
which, when integrated with a random forest classifier, achieved a peak accuracy of 95.41%. Nevertheless,
non-deep learning methods that depend on features like texture, color, and gradient tend to be less effective
when dealing with low-contrast images.

In contrast, several studies have employed deep learning networks for OD and OC segmentation, as
well as for the direct classification of fundus images, often sharing common techniques and approaches.
Civit-Masot et al. [14] utilized U-Net-based models in a dual-subsystem framework for OD and OC
segmentation. They combined this with a MobileNet V2 network for direct classification of fundus images,
while in another study Civit-Masot et al. [15] employed a Keras U-Net model known for its generalizability
and configurability, however memory constraints posed challenges during training. Similarly,
Sevastopolsky [16] applied a modified U-Net for automatic OD and OC segmentation, incorporating an
image enhancement technique was applied through a preprocessing step using contrast limited adaptive
histogram equalization (CLAHE) to improve quality of images.

Other researchers, such as Al-Bander et al. [3], Zilly et al. [17] introduced further modifications to
CNN-based models to improve OD and OC segmentation. Zilly et al. [17] proposed a novel convolutional
neural networks (CNN) method that utilized an entropy-based sampling technique to reduce computational
complexity, offering superior results compared to uniform sampling, though the method's complexity poses
challenges for reproducibility. Al-Bander et al. [3] developed a heavily modified dense U-Net, evaluating its
performance across five datasets. However, both Al-Bander et al. [3], Zilly et al. [17] approaches rely on
cropping images around the OD/OC area prior to segmentation, making them unsuitable for processing full,
unseen fundus images.

Singh et al. [18] extended the application of advanced deep learning networks, using multiple deep
learning methods for identifying the retinal blood vessel network in the STARE dataset. Among these
models, LadderNet achieved the highest accuracy of 97.1%, highlighting the effectiveness of multi-stage,
ladder-style architectures in segmentation tasks. Afolabi et al. [19] also modified the U-Net for OD and OC
segmentation but combined it with an extreme gradient boosting (XGB) algorithm for glaucoma detection.

Ramesh et al. [20], Anusha et al. [21] employed custom you only look once version 5 (YOLOV5)
architectures for glaucoma detection. Ramesh et al. [20] used CNN and an approach that incorporates human
input for data labeling. However, obtaining high accuracy with lower-resolution fundus images remains
challenging. while Anusha et al. [21] trained YOLOV5 on the ORIGA dataset and tested it on the REMEDIO
dataset to avoid overfitting. A summary of the previously mentioned studies is presented in Table 1.

A common limitation of the previously discussed models is the complexity required to achieve high
performance, along with the need to crop images to a region of interest (Rol) before training. To overcome
these challenges, the proposed system introduces an efficient and high-speed network composed of two deep
learning models designed as a diagnostic tool for glaucoma detection. The first model employs a hybrid
approach that integrates U-Net and you only look at coefficients (YOLACT), leveraging U-Net's strong
spatial detail preservation and YOLACT's efficient instance segmentation at multiple scales for precise
segmentation. The second model uses YOLOV5s, which features a low parameter count and a notably fast
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runtime, to detect glaucoma by analyzing full fundus images of the eye. Moreover, the YOLOv5s model was
evaluated on the PAPILA dataset without further training, demonstrating the effectiveness of transfer
learning and enhancing the model's applicability in glaucoma detection. The suggested system not only
delivers cutting-edge accuracy but also provides a valuable tool for monitoring structural changes in both the
OC and OD. This work aims to deliver an efficient, fast, and accurate system to help doctors detect glaucoma
early, a critical step in preventing permanent vision impairment. The upcoming sections will detail the
method used in the proposed system (section 2), present and discuss the results obtained (section 3), and
provide conclusions drawn from this study (section 4).

Table 1. Overview of previous research

Ref Dataset Model Aim Evaluation metrics

[3] RIM-One (r3), DRISHTI, and Dense U-Net OoD/0oC RIM-ONE (r3): OD Dice=90%, DRIONS: OD
DRIONS segmentation  Dice=94%, DRISHTI: OD Dice=95%

[91 50 images from the DRISHTI - OD Acc.=96.3%, OC Acc.=99.13%

[14] RIM-ONE (r3) and DRISHTI Generalized RIM-ONE (r3): OD Dice=92%, OC Dice=84%,

U-Net DRISHTI: OD Dice=93% OC Dice=89%

[15] RIM-One (r3), DRISHTI, and Generalized Multi-dataset: Dice OC= Dice OD=94%
DRIONS U-Net

[16] RIM-One (r3), DRISHTI, and Modified U- RIM-ONE (r3): Dice OD=95%, OC Dice=82%,
DRIONS Net DRIONS: Dice OD=94%, DRISHTI: OC Dice=85%

[17] DRISHTI CNN OC Dice= 83%

[19] RIM-One (r3), DRISHTI, and U-Net Lite RIM-ONE (r3): Dice= 96%, DRIONS: OD
DRIONS Dice=97%, DRISHTI: OD Dice=97%

[6] 63 images from the local hospital - Glaucoma Acc.=92.06%

[12] 3112 images (ACRIMA- RF classification ~ Acc.=95.36%
DRISHTI-HRF-ORIGA and
private dataset)

[13] 3112 images (ACRIMA- RF Acc.=95.41%
DRISHTI-HRF-ORIGA and
private dataset)

[10] RIM-ONE (r3), DRIONS - PSNR=64.09

[11] 44 images from Dr. YAP Eye SVM Acc.=94.44%
Hospital

[18] STARE LadderNet Acc.=97.1%

[20] Private YOLOvV5 Acc.=98%

[21] ORIGA YOLOV5 Acc.=92%

2. METHOD

The complete system that was developed and trained is visually summarized in Figure 1 for the first
model and Figure 2 for the second model. These figures offer a detailed summary of the training and
evaluation procedures conducted for each model.

Input full image

Data
Augmentation

Segmentation

Fundus
images
dataset

Cropping by arca
of OD

Augmentation

Disc hybrid (U-NET
with YOLACT)
training

O/P Binary Map

Cup hybrid (U-NET
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training
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Figure 1. First model, disc, and cup segmentation using hybrid U-Net model
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Figure 2. Second model, direct glaucoma detection using YOLOV5

2.1. Dataset

The segmentation model utilized publicly available three different datasets, namely RIMONE (r3),
DRISHTI, and DRIONS, in our study. The RIMONE (r3) dataset, provided by the MIAG group at the
University of La Laguna (Spain), comprises 159 fundus images that have been cropped based on the OD
area. These images were expertly labeled by ophthalmologists for both the OD and OC [22]. The DRISHTI-
GS dataset, obtained from Aravind Eye Hospital in Madurai (India), consists of 101 full fundus images that
have also been labeled for the OD and OC [23]. Finally, the DRIONS-DB dataset, sourced from Miguel
Servet Hospital in Saragossa (Spain), contains 110 full eye fundus images [24].

The direct classification model trained by a combined dataset sourced from various resources, and
we aim to demonstrate its generalizability and applicability to real-world data. Specifically, we trained our
model on the previously illustrated DRISHTI-GS dataset combined with the publicly available ORIGA
dataset [23], [25], which consists of 650 fundus images. The ORIGA dataset included 482 normal eyes and
168 glaucomatous eyes. We used only 168 of the healthy images for data imbalance reduction.

2.2. The segmentation model
The first model utilizes a two-stage hybrid U-Net model for segmenting OD and OC. This section
describes the steps implemented for the segmentation of the OD and OC.

2.2.1. Pre-processing
To enable the utilization of dataset images in the segmentation model, the following steps are
essential:
— For OC segmentation, the images need to undergo cropping based on the bounding box of the OD.
— For OD segmentation the full image is resized to 256x256 pixels, whereas the OC segmentation focuses
on the cropped area that is resized to 128x128 pixels for processing efficiency and accuracy.

2.2.2. Data augmentation

During the training of our system, static techniques for data augmentation were used to expand the
training set by generating synthetic samples. This process involved rotation at an angle of 50°, a height shift
of 0.15, a fill mode (with a constant value of 0), and horizontal and vertical flipping, as shown in Figure 3.
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Input image Horizontal fli
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Figure 3. Visual example of static data augmentation applied to fundus images

2.2.3. System architecture

In this study, we leverage a modified U-Net architecture, originally proposed by Sevastopolsky [16],
to address the segmentation complexities associated with OC and OD. The presented model is a hybrid
architecture that combines elements of the U-Net and YOLACT frameworks to create a robust approach for
image segmentation. The U-Net represents a fully convolutional deep learning network specifically crafted
for semantic segmentation tasks within the realms of image processing and computer vision. It’s efficacy has
been demonstrated in numerous medical segmentation challenges. While YOLACT is developed for real-
time instance segmentation in the field of computer vision [26]. Provided below, the detailed description of
the architecture, a graphical representation is provided in the supplementary material.

a. U-Net components:

— Encoder: the initial layers of the model act as the encoder. These layers use multiple convolutional blocks
and residual blocks to progressively downsample the input image, capturing both low-level and high-level
features. The encoded feature maps at different resolutions are stored and passed to later layers.

— Decoder: the feature pyramid network (FPN) in the model acts like a U-Net decoder. The FPN upsamples
lower-resolution feature maps to match the resolution of higher-resolution feature maps. The feature maps
from the encoder are used as lateral connections, which are combined with the upsampled feature maps.
This mirrors the skip connections in U-Net and helps the model retain high-level semantic information
while also refining details through shallow feature maps (which contain more fine spatial details).

b. YOLACT components:

— Backbone structure: the initial part of the network (the encoder) performs feature extraction in a manner
similar to YOLACT’s backbone. This part of the model uses a combination of convolutional and residual
blocks to extract feature maps at different scales. The residual blocks help this model maintain the "deep
feature extraction" capability typical of YOLACT’s backbone structure.

— FPN: YOLACT uses an FPN to generate feature maps at different scales, which is a key component for
instance segmentation. This hybrid model implements an FPN to upsample and merge feature maps from
different layers of the encoder. This allows for multi-scale feature aggregation, similar to YOLACT’s
approach to combining features from different resolutions.

— Mask heads: YOLACT uses separate mask heads to generate segmentation masks for different instances.
In this hybrid model a series of convolutional layers are applied to generate masks for each class.

— Mask fusion: after the mask heads generate masks at different scales, these are upsampled and
concatenated along the channel axis. This resembles YOLACT’s mask coefficient-based approach where
different mask predictions are combined to form the final output.

2.2.4. Training
During the training phase, the network is instantiated with a learning rate of 10~*. Optimization was
carried out using Adam optimizer. Our experiments run on a Tesla T4 GPU in Google Colab.

2.2.5. Experiments

We conducted a series of experiments on eye fundus images to perform segmentation of both the
OD and OC. For each dataset, we partitioned the data into separate training and testing sets, using 80% for
training and 20% for testing. For OD segmentation, the experiments utilized the DRISHTI, DRIONS-DB,
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and RIM-ONE (r3) datasets. It has important to note that for the DRIONS-DB dataset, results are only
provided for OD segmentation, as the ground truth for OC is unavailable [3], [19]. For OC segmentation, we
focused on the DRISHTI and RIM-ONE (r3) datasets. To evaluate the performance of the segmentation
model, we used the intersection over union (loU) and dice score metrics, which are standard in image
segmentation and computer vision tasks. The highest performance of our model for OD segmentation on the
RIM-ONE (r3) dataset is illustrated in Figure 4, while the best results for OD segmentation on the DRIONS-
DB dataset are shown in Figure 5.

Predicted Correct Image

Figure 4. A visual comparison between the predicted outcomes and the correct segmentations on RIM-ONE
(r3) for OD segmentation: best case (IoU=0.93, Dice=0.95)

Predicted Correct Image

Figure 5. A visual comparison between the predicted outcomes and the correct segmentation on DRIONS-
DB for OD segmentation: best case (IoU=0.93, Dice=0.95)

2.3. Direct detection model

The second model entails the utilization of the YOLOV5s for the direct classification of fundus
images without an intermediary segmentation process. In this approach, entire images are employed for
training the YOLOvV5s model. Upon an extensive review of research papers authored by various scholars, we
discovered that the YOLOV5 algorithm is capable of efficiently diagnosing and classifying glaucomatous
fundus images [27]. These networks typically exhibit the ability to recognize diverse patterns across different
images and objects using the same architecture. YOLOV5 dissects the fundus into numerous segments rather
than treating the entire fundus image as a singular entity [20]. This section describes the steps implemented
for this model.

2.3.1. Data annotation

The foundation of any successful artificial intelligence (Al) algorithm lies in data annotation. A
machine learning algorithm capable of image detection without annotated data is implausible. Human
interaction becomes pivotal in the data annotation process to effectively address the black box dilemma [20].
The dataset was uploaded to the Roboflow Annotate website. These images are manually annotated using the
Roboflow Annotate annotation tool [28], with reference to the ground truth (Rol). This involves drawing a
loose bounding box around the OD to quantify accuracy. The annotated data were then formatted in YOLO
(.txt files). each image is paired with a corresponding .txt file of the same name, which contains annotated
bounding boxes for the target object, the OD. The annotation file includes details such as the object class,
coordinates, height, and width of the ground truth object within the image [29]. Utilizing Roboflow offered a
significant benefit owing to its user-friendly interface and smart default settings. This streamlined the image
annotation process, enabling us to annotate images quickly and precisely [30].
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2.3.2. Pre-processing

The datasets were divided into 60% for training and 20% for validation, and the remaining 20% of
the data were reserved as an independent test set. The images were resized to (640x640) pixels using
Roboflow to fit into the 15 gigabytes GPU memory [28].

2.3.3. Data augmentation

To augment the images, we employed the "Roboflow" platform, which offers various data
augmentation techniques. These techniques included flipping (horizontal and vertical) to make the model
insensitive to subject orientation and to facilitate image interpretation from various perspectives and
viewpoints, adjusting brightness to enhance the model's resilience to changes in lighting and camera settings,
and modifying exposure. The modification of exposure is essential due to the presence of diverse lighting
conditions. This approach plays a crucial role in enabling the model to generalize and learn to perform tasks
effectively across a wide range of lighting scenarios [30].

2.3.4. You only look once version 5 architecture
YOLOVS5 stands as a real-time object detector, building upon the advancements of YOLOv1 to

YOLOv4. The network architecture of YOLOV5 is visually depicted in Figure 6 [31]. The network is divided

into three key sections: the backbone, the neck, and the head [31].

— Backbone: YOLOVS incorporates the cross stage partial network (CSPNet) into DarkNet, forming
CSPDarkNet as its backbone for feature extraction from images. By utilizing residual and dense blocks,
CSPDarkNet facilitates information flow to the deepest layers, mitigating the vanishing gradient problem.
in contrast to other large-scale CNN, CSPNet addresses issues related to repeated gradient information,
integrating gradient changes into the feature map.

— Neck: by utilizing a path aggregation network (PANet), a FPN is generated to aggregate features, which
are subsequently passed to the head for prediction.

— Detection head: the head of YOLOV5 consists of three convolution layers predicting the location of
bounding boxes (X, y, height, and width), scores, and object classes.

Backbone: CSPDarknet Neck: PANet Head: Yolo Layer

~» Conv1x1

( BottieNeckeSP ]—H »(_Concat J———>{_ BottleNeckCsP }——
A

|

A 4
UpSample Conv3x3 82 |
3 |

A A
| e |
I
I

I

I

I

I

I

| | (Eoonsaces
I [ t

| [ BottleNeckCSP ]—l—l—>( Co:cat ] Bottler}—-‘—
I

I

I

I

I

|
! e |
la\ Il |
I |

A 4

I
SPP_|——{ BotteNeckesP ] (_BottleNeckCSP }%ﬁ»{ Conv1x1

CSP Cross Stage Partial Network Convolutional Layer
SPP Spatial Pyramid Pooling Concatenate Function

Figure 6. The network architecture of YOLOV5

2.3.5. Training

Following the completion of labeling and preprocessing, the dataset was exported to YOLOV5
PyTorch and seamlessly integrated into the code within Google Colab for further analysis and model training.
Following the dataset import, the training process starts using YOLOv5s, with the "train.py"” file in the
YOLOVS5s directory employed for model training. Figure 7 shows a sample of batch data predictions during
training of YOLOV5s, encompassing class probabilities, objectless scores, and bounding boxes that apply the
anchor boxes on normal and glaucomatous fundus features.
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Figure 7. A sample of batch data predictions during training

3. RESULTS AND DISCUSSION

This section presents and analyzes the results obtained from our proposed system, offering a
detailed comparative assessment with existing methods. The analysis focuses on both segmentation and
direct detection models, highlighting the strengths and limitations of our approach relative to the current
state-of-the-art.

3.1. The segmentation model

In this section, we present a comparative evaluation of our OD and OC segmentation results with
those from other studies that also use deep learning-based segmentation methods on the same fundus image
datasets. The performance of our model for OD and OC segmentation is summarized in Tables 2 and 3,
respectively. The results from our experiments show that the proposed approach delivers competitive
performance across multiple evaluation metrics while maintaining a significantly lower parameter count
(14 x 10°) compared to the original U-Net model's (3.1 x 107) parameters [19]. Moreover, the model
demonstrates exceptional speed and efficiency in real-time instance segmentation, achieving a runtime of
0.027 seconds for OD segmentation and 0.022 seconds for OC segmentation.

Table 2. Comparison of methods for OD segmentation

DRIONS-DB  RIM-ONE (r3)  DRISHTI
Author Method loU Dice loU Dice  loU Dice

Sevastopolsky [16] Modified U-Net 089 094 0.89 0.95 -

0.93

Civit-Masot et al. [14]  Generalized U-Net - - 0.92 -

Al-Bander et al. [3] DenseNet - 094 0.83 090 0.90 0095
Afolabi et al. [19] U-Net Lite 090 096 090 096 090 097
Proposed approach Hybrid U-Net 0.88 093 0.88 093 094 0096

Table 3. Comparison of methods for OC segmentation
RIM-ONE (r3) DRISHTI

Author Method loU Dice loU Dice

Sevastopolsky [16] Modified U-Net 0.69 0.82 0.75 0.85

Civit-Masot et al. [14]  Generalized U-Net - 0.84 - 0.89
Al-Bander et al. [3] DenseNet 0.56  0.69 0.71 0.83
Afolabi et al. [19] U-Net Lite 073 086 0.79 0.95
Zilly et al. [17] CNN - - 0.86 0.83
Proposed approach Hybrid U-Net 073 084 0.86 0.88

3.2. Direct detection model
The effectiveness of the proposed system is evaluated in two distinct scenarios. In the first scenario,
the model is trained and tested on a merged dataset consisting of ORIGA and DRISHTI images. In the
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second, the model is evaluated on the independent PAPILA dataset, without any further training. To assess
the performance of the YOLOv5s model, we use standard evaluation metrics, including accuracy, precision,
recall, and F1-score, which are commonly applied in object detection and classification tasks [28].

This section offers an in-depth comparison of our approach with current methods for glaucoma
detection. The results of our proposed technique for direct glaucoma detection are presented in Table 4, where
we compare its performance with existing approaches in the literature based on metrics such as accuracy, F1-
score, and run time. Table 4 presents a comparison of the models based on their accuracy. Our model achieved
an impressive accuracy of 97.89%, with precision and recall (sensitivity) both reaching 98%, outperforming the
results of [14], which reported an accuracy of 86% and a sensitivity of 89%. Additionally, our model attained an
F1 score of 98%, surpassing the performance of [11], [21]. A crucial advantage of our approach is its speed,
which is vital for real-world applications that demand quick processing. The proposed model demonstrates an
outstanding average runtime of 0.02 seconds per image. Additionally, it boasts a relatively small number of
parameters, totaling (7.6 X 10°). The YOLOv5s model excels in detection speed and response time, essential
for the early detection of glaucoma, underscoring its efficiency in real-world applications.

Table 4. A comparison of the proposed method for direct glaucoma detection with existing techniques in the literature

Author Method Dataset Accuracy  F1 score
Septiarini et al. [11] SVM 44 images from Dr. YAP Eye Hospital 0.94 0.94
Anusha et al. [21] YOLOvV5 ORIGA 0.92 0.91
Ramesh et al. [20] YOLOvV5 Private dataset 0.98 -
Civit-Masot et al. [14] MobileNet V2  RIM-ONE (r3)-DRISHTI 0.86 -
Proposed approach YOLOv5s ORIGA-DRISHTI 0.97 0.98

3.3. Model evaluation

To ensure generalizability we further tested our YOLOV5s model on another dataset without further
training, utilizing the publicly available PAPILA dataset [32], comprising fundus images from both eyes of
the same patient. The dataset is categorized into three classes: glaucomatous, non-glaucomatous, and suspect.
The dataset comprises 488 JPEG images corresponding to the right and left eyes of 244 patients. Notably,
this dataset represents a more challenging scenario because it involves a classification problem involving
three classes. The "suspect" class poses an undetermined clinical diagnostic, creating complexity in the
classification decision [33]. The suspect class exhibited characteristics that did not align with being a
borderline class between the healthy and glaucoma classes. Instead, it behaves as an unresolved class
positioned between the two, posing a challenge in finding a clear separation boundary between these classes.
Unlike the method of [32], which excluded the suspect class from the original dataset, our proposed method
utilized the entire dataset without removing any images by combining the glaucomatous and suspect class as
one class to apply binary classification. Our system achieved an accuracy of 96% with sensitivity and
specificity of 98.9% and 93.3%, respectively.

3.4. Discussion

This study aimed to advance the field of glaucoma detection through improved segmentation of the OD
and OC and enhanced classification accuracy for glaucoma. Previous research has explored various approaches,
including both non-deep learning and deep learning methods, for OD and OC segmentation and glaucoma
detection. However, many existing methods either fall short in terms of accuracy, use complex models to achieve
higher accuracy, or require Rol cropping which limits their applicability to new, unseen images.

Our approach, utilizing a modified U-Net for OD and OC segmentation and YOLOV5 for glaucoma
detection, demonstrates robust performance across several datasets. Specifically, the modified U-Net which
is a hybrid model that combines U-Net’s strength (high spatial resolution), the model retains the U-Net’s
ability to preserve spatial resolution by using skip connections between corresponding encoder and decoder
layers through the FPN. This helps capture fine details in the image that are important for pixel-wise
segmentation tasks. YOLACT’s strength (real-time instance segmentation), by integrating YOLACT’s
feature extraction and mask head ideas, the model can efficiently generate instance masks at multiple scales.
The combination of multiple-scale feature maps through the FPN and mask heads allows the model to handle
objects of varying sizes, a hallmark of YOLACT.

Additionally, the second model utilizes YOLOv5s which attained without additional training an
accuracy of 96%, with a sensitivity of 98.9% and specificity of 93.3% on the PAPILA dataset, demonstrating
high precision, generalizability and adaptability. Our findings are consistent with and extend the results of
previous studies. The high accuracy and F1 score achieved by the YOLOv5 model align with recent
advancements in deep learning for glaucoma detection, reflecting improvements over older methods that
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faced challenges with image resolution and classifier performance. The proposed system is both effective and
reliable for glaucoma detection and can serve as a valuable second opinion tool for medical practitioners.
Additionally, due to its high performance, the proposed system can be utilized to create mobile applications
that assist physicians in the early detection of glaucoma. Consequently, the rate of vision loss can be reduced.

4. CONCLUSION

This study presents an innovative deep learning-based approach for OD and OC segmentation, as
well as glaucoma detection, which surpasses existing methods in both accuracy and computational efficiency.
The modified U-Net model and the YOLOV5-based detection framework exhibit high effectiveness, making
them well-suited for real-time clinical applications, especially in resource-limited environments. The models'
capability to maintain high performance across diverse datasets, including complex cases, underscores their
potential for enhancing early glaucoma diagnosis. These advancements suggest a promising trajectory for the
development of automated tools that could significantly impact clinical practice by enabling faster, more
accurate glaucoma detection and potentially improving patient outcomes. Future research could explore
alternative deep learning architectures or hybridization techniques that may further enhance accuracy and
efficiency. Additionally, evaluating these models on larger, more diverse datasets could provide deeper
insights into their generalizability in real-world clinical settings.
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