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Abstract—Automated retinal disease diagnosis leveraging
cutting-edge computer vision methodologies supports clinicians
in the early identification of pathological conditions. This
investigation delivers a novel framework, DeepRetinaNet
for automating retinal disease diagnosis. The developed
DeepRetinaNet model has two stages of novelties, including
vessel extraction and disease identification. In the vessel
extraction stage, the green channel, known for its heightened
sensitivity to retinal vascular structures, is extracted from the
source images. Subsequently, the vessel extraction network:
RetiSegNet, processes these green channel images to extract
retinal vessels, generating binary vessel maps. During the
fusion phase, the original fundus images are combined with
the extracted vessel maps to produce fused representations,
encapsulating enriched spatial details from both sources. In
the identification stage, these fused images are utilized to
train the proposed classification framework: STDeepNet, which
incorporates Modified Identity (MI), Modified Convolution
(MCONYV) blocks, and Long Short-Term Memory (LSTM)
layers to effectively identify the diseases. The efficacy of the
developed technique is corroborated using visual illustration
and objective analysis. Also, the efficiency of the designed
framework is verified on six benchmark datasets. The proposed
framework demonstrates superior performance compared to 49
state-of-the-art methods, achieving notable accuracy in retinal
disease diagnosis.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9534

Index Terms—Retinal image, LSTM, feature fusion, diabetic
retinopathy, Glaucoma.

I. INTRODUCTION

ETINAL diseases, including Glaucoma, Diabetic
Retinopathy (DR), and Age-Related Macular
Degeneration (AMD), are among the causes of vision
loss and blindness globally [1]. Early detection is crucial to
prevent irreversible damage, but traditional diagnostic methods

The associate editor coordinating the review of this manuscript and ap-
proving it for publication was Anabel Martin (Corresponding author: Manoj
Kumar Panda).

A. K. Sahoo is with the Department of Electrical and Electronics
Engineering, GIET University, Gunupur, Odisha, India (e-mail: akshyasa-
hoo@giet.edu).

P. Parida, and Manoj Kumar Panda are with the Department of Electronics
and Communication Engineering, GIET University, Gunupur, Odisha, India
(e-mails: priyadarsanparida@giet.edu, and manojkumarpanda@giet.edu).

C. Nayak is with the Department of Communication Engineering, School
of Electronics Engineering, Vellore Institute of Technology, Vellore, Tamil
Nadu, India (e-mail: 83chittaranjan@gmail.com).

N. Mohankumar is with the Symbiosis Institute of Technology, Nagpur
Campus, Symbiosis International (Deemed University), Pune, India (e-mail:
mohankumar.n @sitnagpur.siu.edu.in).

, Manoj Kumar Panda

, Chittaranjan Nayak (), Member,

, Senior Member, IEEE

often rely on specialized equipment and expertise that may
not be available at the time of need. Artificial intelligence
can ease it using computer vision-assisted approaches. In the
last decade, numerous approaches including both supervised
and unsupervised approaches have been suggested by various
researchers using fundus images to detect various ocular
diseases. The major hindrances in using these approaches
for automated disease diagnosis from fundus images include
image acquisition with diverse appearances, complex
branching patterns of vessels with varying diameters, obscure
vessel boundaries, and subtle changes in retinal anatomy,
making the detection process more challenging. Moreover, in
the fundus image, the foreground information (in this case
it is the vascular structure) compared to the background is
more sparse, which poses an important aspect to consider
while developing a comprehensive assisted technology [2].
This in turn provides a class imbalance issue, which leads
to inefficient feature extraction and an inability to capture
fine-grained detailed structure precisely.

To address these challenges, an innovative deep-learning
framework entitled DeepRetinaNet was introduced to automate
retinal disease detection through fundus images. The primary
objective of the proposed algorithm is to extract the blood
vessels from the fundus images with enriched vessel features.
Further, the extracted vessels are utilized for the disease
classification task with reduced misclassification. To attain it, a
DeepRetinaNet framework is proposed that utilizes the Retina
Segmentation Network (RetiSegNet) model for vessel extrac-
tion and the Spatio-Temporal Deep Neural Network (STDeep-
Net) model for different disease classifications. Here, the
RetiSegNet model consists of a parallel stream Convolutional
Neural Network (CNN)-induced feature fusion mechanism to
produce the vessel masks with reduced background exudates.
Again, the proposed STDeepNet comprises custom CNN with
various LSTM blocks to precisely predict the various diseases
in the fundus images.

DeepRetinaNet begins by extracting intricate blood vessel
structures from these images, vital for spotting early disease
indicators. By examining vascular patterns, the system can
identify abnormalities related to various conditions, such as
optic nerve damage that suggests Glaucoma, microvascular
irregularities associated with Diabetic Retinopathy, and the
blood vessel changes characteristic of Age-Related Macular
Degeneration. Once these blood vessel structures are extracted
and analyzed, DeepRetinaNet categorizes each image into one
of several groups: normal, Glaucoma, DR, or AMD. This
automated approach not only boosts diagnostic accuracy but
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also enhances access to early detection, especially in areas
with limited resources.
The major contributions of this work are as follows:

1) A unique DeepRetinaNet framework is proposed to
simultaneously extract in-depth features from fundus
images, capable of retaining the vessels along with the
disease category identification.

2) The developed DeepRetinaNet framework comprises
RetiSegNet and STDeepNet networks for vessel extrac-
tion and disease categorization, respectively.

3) The designed RetiSegNet framework provides better
performance for unseen data setup.

4) For disease classification, the proposed STDeepNet is
capable of retaining subtle details and the usage of skip
connections makes the model more robust.

5) In the STDeepNet network, a multi-stage feature fusion
mechanism is proposed to further enhance the disease
identification performance.

The rest of the article is organized as: The current state-
of-the-art (SOTA) approaches developed so far are discussed
in Section II. The designed network and its description are
provided in Section III. Network performance via empirical
analysis is done in Section IV. Various ablation study of the
developed network is done in Section V. Finally, the article is
concluded with future directions in Section VI.

II. STATE-OF-THE-ART-TECHNIQUES

This section discusses various SOTA methods related to reti-
nal image diagnosis. The methods are divided into three parts:
extraction of retinal blood vessels, classification of retinal
diseases, and simultaneous extraction as well as classification
of retinal diseases.

Retinal vessel segmentation is crucial in ophthalmology,
as it facilitates the early detection and diagnosis of ocular
diseases such as Glaucoma, AMD, and DR. However, this task
is challenging due to the complexity of retinal images, which
contain variations in vessel width, tortuosity, and contrast.
Additionally, artifacts, low-resolution areas, and overlapping
anatomical structures further complicate accurate segmenta-
tion, demanding advanced algorithms to ensure precise extrac-
tion of vascular features [3]. Deep neural networks (DNNs)
demonstrate significant potential in addressing the limitations
of traditional methods for visual feature extraction from fundus
images [4].

Recent advancements, such as architectures employing di-
lated convolutional filters, have significantly improved retinal
vessel segmentation [5]. An automated algorithm employing
a trainable filtering mechanism and vessel-linking procedures
effectively detected fine vascular structures and extracted
relevant clinical features [6]. The authors [7] introduced the
learnable ophthalmology Segment Anything Model (SAM), a
learnable prompt layer for ophthalmology multi-modal image
segmentation. A multidimensional DNN model employing
cross-dimensional transformations and self-attention mecha-
nisms for the segmentation of vessels from fundus images [8].
An enhanced U-Net architecture [9] is utilized in segmenting
complex, low-contrast blood vessels. The authors in [10]

implemented the dual-channel asymmetric CNN in the U-Net
model for retinal vessel segmentation by capturing the global
and fine-grained features.

Intelligent systems utilize DNN and machine learning algo-
rithms for the classification of fundus images, significantly im-
proving the detection of glaucomatous retinal changes. These
advanced models enhance the ability to accurately distinguish
between healthy and diseased retinal images by learning
complex patterns and features relevant to Glaucoma, leading
to improved diagnostic accuracy and early intervention [11].
The authors [12] utilized a hybrid graph convolutional network
integrated with a self-attention mechanism and an ensemble of
machine learning classifiers for the multi-grade classification
of retinal disorders. ActiveLearn, a deep learning framework
based on ActiveLearn Transformer architecture [13] integrates
transfer learning techniques to enhance the low-level features
from the fundus images for retinal disease classification. In
[14] the authors presented an automated, DNN-based non-
invasive framework EyeDeep-Net for the diagnosis of multiple
eye diseases using color fundus images. The authors in [15] in-
troduced an automated algorithm for early Glaucoma detection
by extracting critical diagnostic parameters. Authors in [16]
developed a multiple improved Inception-v4 ensemble model
for detecting DR and diabetic macular edema. However, vessel
extraction along with disease diagnosis has its own merits over
the existing literature.

Hence, recent studies have combined segmentation and clas-
sification tasks to enhance fundus image diagnosis. A hybrid
deep learning approach is utilized, incorporating an Enhanced
Fuzzy C-Means clustering scheme for the segmentation of reti-
nal vessels. Further, a hybridized model using DenseNet and
ShuffleNet is used to perform the classification task [17]. In
[18] a Dagum probability distribution function integrated with
a matched filter is introduced for retinal blood vessel segmen-
tation. This approach combines various extracted features and
utilizes an ensemble classifier for the classification task. The
authors [19] introduced VisionDeep-Al, a segmentation and
classification framework designed for retinal vessel extraction
with multi-class classification from fundus images. The frame-
work [20] utilized DNN-based de-noising and Wiener filtering
followed by blood vessel extraction using Otsu thresholding
and mathematical morphology. Later, modified ResNet 101 is
utilized for the feature extraction and classification of retinal
images.

From the above literature, it is found that various SOTA
methods are developed for simultaneous extraction of vessels
followed by disease classification. However, these techniques
are incapable of extracting subtle details from the fundus
images which may degrade the performance of the network
and may not generalize to unseen setups due to diverse
variations in disease categories. Therefore, in this article, the
DeepRetinaNet framework was introduced for the effective
identification of retinal diseases.

III. PROPOSED METHOD

The process of retinal image analysis is carried out in
two stages shown in Fig. 1: in the first stage, the retinal
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vessels are extracted using RetiSegNet and in the second stage,
the extracted vessels are classified into various classes using
STDeepNet. Initially, a pre-processing strategy is adopted
where the green channels are extracted from the input fun-
dus images indicated in Step-1. Later, the green channels
along with the ground truth masks are utilized to train the
proposed RetiSegNet framework that provides the extracted
vessel masks denoted as Step-2. Further, these masks are
combined with the green channel fundus images depicted
in Step-3 which are utilized as testing data for STDeepNet
framework. Again, the green channel fundus image and their
corresponding ground truths are combined to generate the
training data for STDeepNet denoted as Step-4. In Step-5,
the testing data obtained from Step-4 are then applied to the
STDeepNet framework for classification. The detailed archi-
tecture of a unified network representing both segmentation
and classification tasks is shown in Fig.2. The green channel
of the fundus image is selected as it provides better vessel
contrast, captures sharper details, reduces noise, and enhances
the performance of the developed network. These factors make
the green channel ideal for more accurate and reliable retinal
blood vessel extraction.

A. Proposed RetiSegNet model

The detailed architecture of the RetiSegNet model is shown
in Fig.2 (a) consisting of 2 parallel networks. Here, the
Residual Quattro Network (Residual QuattroNet) model and
Atrous Encoder-Decoder Network (AEDNet) model are used
in parallel for the RetiSegNet model. The use of a parallel
stream strategy makes the proposed RetiSegNet model com-
putationally efficient. Again, the parallel stream network can
extract significant details that are highly essential for vessel
extraction. The input image ([,,,) is passed through these net-
works during the segmentation stage: the local feature (thick
vessels) extraction using AEDNet and Residual QuattroNet for
global feature (thin vessels) extraction.

1) AEDNet: The proposed AEDNet network consists of
three encoder blocks (EBs) (Fig. 2 (c)) and three decoder
blocks (DBs) (Fig. 2 (d)-(e)) via a bridge path (Fig. 2 (i)).
The three EBs are used to downsampling images from a size
224 x 224 x 1 to a feature size 28 x 28 x 256. Each EB consists
of a convolution layer followed by a Rectified linear unit
(ReLU), atrous convolution, ReLU, and max-pooling layer.
The EB1 and EB2 have the same configuration, while the
EB3 additionally uses a dropout layer with rate of 0.5. The
dilation factor for atrous convolution is set to 2 throughout
AEDNet to preserve the spatial resolution of the input features
without increasing the computational cost. The number of
filters selected for EB1, EB2, and EB3 are 64, 128, and 256
respectively with a filter size of 3 x 3. The outcomes of the
EBs with dimension 28 x 28 x 256 is sent to the bridge path,
which sandwiches convolution, ReLLU, and atrous convolution
with a sampling rate of 2 followed by ReLLU and dropout with
a rate of 0.5.

The bridge module preserves the spatial features with a
dimension of 28 x 28 x 512. Similarly, the three DBs are
used to increase the size of the features 28 x 28 x 512 to a
feature size 224 x 224 x 64. The first 2 decoder blocks consist
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of a transposed convolution layer followed by ReLU, convo-
lution followed by ReLU, and atrous convolution followed by
ReLU. However, the third decoder block contains an atrous
convolution with ReLU. The proposed decoder is capable of
retaining the spatial resolution during upsampling. The number
of filters selected for DB1, DB2, and DB3 are 256, 128, and
64 respectively with a uniform kernel size of 3 x 3.

Let e;, e2, es be the outputs from the encoder blocks
EBI1, EB2, and EB3 respectively such that e; € R112x112x64
ey € ROOBOXI28 and ey € R28X28x256_ Gimilarly, dy,
ds, ds3 represent the outputs from the decoder blocks DBI,
DB2, and DB3 respectively where, d; € R6x56%256 4, <
%112X112X128, and d3 c %224X224X64.

2) Residual QuattroNet: The Residual QuattroNet module
in the RetiSegNet consists of an input convolution layer
followed by batch normalization, ReL.U, and max pooling
layers. Later, two cascaded identity blocks (IBs) (Fig. 2 (f))
followed by six alternate convolution blocks (CBs) (Fig. 2
(h)) and identity blocks. Both the IBs and CBs use residual
connections. The IB makes the network deeper and mitigates
the vanishing gradient problem. Similarly, the CB is used to
extract the sparse vessel features from the fundus images.
Further, as the network deepens, multiple CBs and IBs are used
to extract multi-scale and multi-resolution in-depth features
with accurate thin vessel feature extraction.

Let x be the input to IB and i(x) be the output from the set
of convolution layers. Then, output from the IB is represented
in equation 1:

)

Similarly, if @ is the input to a CB, c(a) is the output
after passing through multiple convolution layers. W; X a
representing the transformed input through skip connection
using convolution and batch normalization layer. Then, the
output from the CB is given in equation 2:

y=i(z)+z

o=c(a)+ (W; x a) (2)

Let the outputs from IB1, IB2, IB3, IB4 and IB5 are rep-
resented as Y1, Y2, Y3, Y4, and ys respectively. Similarly,
the output from CB blocks are denoted as o1, 0s, and o3
respectively. The first convolution layer with 3 x 3 max-pooling
uses 64 filters to produce a feature size of 113 x 113 x 64. The
feature sizes in IB1 and IB2 are not changed. CB1 changes
the feature size from 113 x 113 x 64 to, 57 x 57 x 128 using
128 filters and a stride of 2. Similarly, IB3 does not change
the input feature size. Further, CB2 changes the feature size
from 57 x 57 x 128 to 29 x 29 x 256 using 256 filters and a
stride of 2. IB4 keeps the feature map fixed at 29 x 29 x 256.
Furthermore, CB3 changes the feature size from 29 x 29 x 256
to 29 x 29 x 512 using 512 filters and an atrous convolution
with dilation factor 2. Further, the IB5 block does not change
the feature size.

Following the IBS block, the quattroNet module is used,
which consists of four convolution blocks each having one
convolutional layer, followed by batch normalization and
ReLU activation. The first convolution block in the quattroNet
module performs standard convolution, whereas the remaining
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Fig. 1. Flowchart of the proposed algorithm.

three blocks use atrous convolution with dilation rates of 18,
12, and 6 respectively. It is used for capturing multi-scale con-
textual information like small and fine blood vessels along with
vessel bifurcations. The input feature of the quattroNet module
(Fig. 2 (g)) can be expressed as ys € R29%29%512_ Using the
standard convolution block with 3 x 3 filter and 256 channels,
the output of the convolution layer is K; € R3*3x512x256,
Through batch normalization and ReLLU activation, the output
of the block is q € R29%29x256  Gimilarly, the dilated
convolution blocks with dilation rates of 18,12, and 6 produce
outputs gz, g3, G4, € R29x29%256  The pet output from the
quattroNet module is expressed in the equation 3 through
depth concatenation of the outputs qi, g2, q3, and g4:

Q= (g1 ®q2®q3 @ qq) € RF*x1024 3)

Where ® represents the depth concatenation operation. The
output @ is convoluted using 256 filters to get a feature
size of 29 x 29 x 256. Further, a transposed convolution
layer with a filter size of 8 x 8 and stride of 4 is used
to upsample the feature size to 116 x 116 x 256. Again, a
cropping layer produces the output @ € R13X113x256 (Op
the other hand, ys is convoluted using 48 filters to produce
output o1 € RI3X113%48 Now, 15, is concatenated with @Q;
to produce the output () using equation 4:

QQ — (y21 ® Ql) c §R113><113><304 4)

Further, by using a set of convolutional layers with 256 filters
and 2 filters respectively, the feature size is reduced to 113 x
113 x2 from 113 x 113 x 256. Next to the convolutional layers,
a transposed convolutional layer of filter size 8 x 8, stride of
4, and cropping of 2 is used to find the final output of the
Residual QuattroNet unit Q, € J#452x452x2,

Again, the output from the Residual QuattroNet module is
concatenated with the output from DB3, the output from EBI,
and the image input I,,, by using equation 5:

0 = (Qo ®ds ® e1 ® Im) € R224x224x130 (5)

The output convolutional layer with 64 filters is used to reduce
the feature to 224 x 224 x 64 and another convolutional layer

Training Segmentation using
RetiSegNet
Testing
Step-2

’
DR

oy

b
VHGLAUCOMA
A

3
| NORMAL

Step-4

Classification
using STDeepMet
5

Step-

classification network

with 2 filters is used to bring the feature size to 224 x 224 x
2. Finally, a softmax classifier is used to extract the blood
vessels. These 2 convolution layers followed by softmax layer
is termed as Vessel Extractor (Fig. 2 (j)).

B. Proposed STDeepNet Model

The classification network developed in this article is shown
in Fig. 2 (b) utilizes cascading of two modified identity (MI)
blocks (Fig. 2 (k)) followed by four alternate MI blocks and
modified convolution (MCONYV) blocks (Fig. 2 (1)). Both the
MI and MCONYV blocks use instant normalization as the task.
Retinal blood vessel classification is more precise and complex
in terms of subtle feature variations like thin vessels against
thick vessels, texture changes between healthy and diseased
regions, and gradual intensity variations along the vessel paths.
The instant normalization layer also provides better perfor-
mance on small batches with lesser computational cost. The
expression normalized feature from the instant normalization
layer 13; is given in equation 6:

" = N — M (6)

o; + €

Where n; is the input feature of the current sample at
index i, pu; = ﬁZhH_l Zy_ﬁ% represents the standard
deviation across the spatial dimensions H x W, and o; =
S S i  SSW . (ni — ps)? represents the mean across the
spatial dimensions H x W.

Further, the network utilizes the parametric ReLU (PReLU)
activation function as it improves the model flexibility by
learning the negative slope, making it effective for complex
feature extraction tasks. The PReLU activation function can
be defined in equation 7 where p is the input and « is the
learnable parameter:

p=>0

_)p
f(p){ap p<0 (7
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Fig. 2. Detailed framework of developed segmentation and classification model.

The MI block consists of a set of convolutional layers
followed by instant normalization and PReLU activation. The
output of the MI block can be expressed in the equation 8:

r=n2(Wa * ¢(m (Wi xt))) +t ®)

Where ¢ is the input to the MI block, ¢ is the PReLLU activation
function, 7 is the instant normalization function, W; is the
kernel size of the first convolutional layer and W5 is the kernel
size for the second convolutional layer.

The MCONY block consists of a set of convolutional layers
followed by instant normalization and PReLU activation, along
with the transformed input through a skip connection using a
convolutional layer and instant normalization. The output of
the MCONYV block can be expressed in equation 9:

L= m2(Wa * ¢(m (Wi g))) + nskip(Wskip * g) (9

where ¢ is the input to the MCONYV block and [ is the output.
Wiskip is the kernel size of the convolutional layer in the skip
connection path.

In the developed STDeepNet, multi-stage feature fusion
is performed through LSTM block (Fig. 2 (m)) consists of
LSTM layer followed by global average pooling. The LSTM
layers enhance model performance by capturing sequential
dependencies, integrating low-level and high-level features,
and improving gradient flow. It also offers dynamic feature
representation, adapting to complex transformations.

TABLE I
DATASET SUMMARY
Dataset Number of Images Resolution (Pixels) Use Case
Vessel segmentation,
FIVES 800 2,048 x 2,048 Multi-disease classification
STARE 20 700 x 605 Vessel segmentation,
disease diagnosis
DRIVE 40 768 x 584 Vessel segmentation
CHASE-DBI 28 1,280 x 960 Vessel segmentation
Varies
REMiD 3200 (e'gz"’ojgig 1>j5§’68’48’ Multi-disease classification
2,144 x 1,424)
Varies
ODIR 5000 (width: 250 to 5,184; Disease classification

height: 188 to 3,456)

Let the outputs from MI1, MI2, MI3, and MI4 be ry, 7o,
r3, and r4 respectively. Similarly, the output from MCONV1
and MCONV?2 are [ and, [, respectively.

The green channels of segmented vessels from RetiSegNet
fused with the original fundus images having size 224 x 224 x 1
are passed through the input convolutional layer of 64 filters
having a kernel size of 7 x 7 followed by an instant nor-
malization, a PReLU activation, and a 3 X 3 max-pooling
layer to obtain a feature size of 56 x 56 x 64. The same
feature size is maintained through the blocks MI1 and MI2
using 64 filters: r; € R6X56%64 and p, € RO6X56x64
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Similarly, the block MCONV1 through 128 filters of kernel
size 3 x 3 down-samples 7 to a feature size [; € R2B*28x128,
Further, the block MI3 preserves the same feature size at
rg € R28x28x128  After MI3, the MCONV2 down-samples
the features to Iy € RI4X14%256 through 256 filters of size
3 x 3. Further, MI4 preserves the features ry € Jol4>x14%256
The output r4 is passed through the LSTM layer with 4-hidden
unit to produce an output h; € R**1. Similarly, the output I»
is passed through the second LSTM layer with 4-hidden unit
to produce an output hy € R**!. Further, the output 73 is
passed through the third LSTM layer with 4-hidden unit to
produce an output iz € R**1. The outputs Ay, ho, and h3 are
combined by using equation 10 to produce the output 7:

7= (hy @ hy @ hi3) € RI*? (10)

Finally, the output 7 is passed through a 4 x 4 fully connected
layer and a softmax classifier to obtain 4 output classes: AMD,
DR, GLAUCOMA, and NORMAL.

IV. EMPIRICAL ANALYSIS
A. Datasets Utilized for Experimentation

The proposed framework is initially trained using the FIVES
dataset [21]. Further, STARE', DRIVE?, and CHASE-DBI
[22] were utilized for the validation of the designed Re-
tiSegNet model. Similarly, the developed STDeepNet network
utilized FIVES [21], RFMiD [23], and ODIR [24] datasets
for training as well as validation. The details of the dataset
utilized in this paper are given in Table I.

B. Parameter Settings

The proposed framework is designed for the vessel extrac-
tion and classification of retinal diseases. The training and
testing of the model is conducted on a system with a Core
i5 processor, 16GB RAM, and an NVIDIA GeForce RTX
3050 GPU. MATLAB is used for implementation, running
on a Windows 11 environment. The model is trained for a
maximum of 50 epochs with a batch size of 4, employing
the Adaptive Moment Estimation (ADAM) optimizer with
a learning rate of 0.0001. This setup ensures a balanced
approach to training to avoid overfitting or underfitting. The
ADAM optimizer facilitates adaptive and efficient learning by
making small, controlled adjustments to the model parameters,
promoting stable convergence across the epochs. This config-
uration ensures that the developed model learns effectively
while maintaining computational efficiency.

The designed RetiSegNet framework is initially trained and
tested on the FIVES dataset. Out of all retinal images, 66.66
% are used for training, while the remaining 33.33 % are
allocated for testing. The test set includes the FIVES dataset
(Seen Setup) and STARE, DRIVE as well as CHASE-DB1
(Unseen Setup). After the segmentation stage, the segmented
blood vessels from the segmented mask are combined with
the corresponding input retinal images. These fused images
are then classified using a designed STDeepNet network.

Thttps://cecas.clemson.edu/ ahoover/stare/
Zhttp://www.isi.uu.nl/Research/Databases/DRIVE/
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This strategy ensures robust feature extraction by leveraging
original and segmented data for disease classification. The
developed STDeepNet classification network is evaluated only
for the seen setup where the samples are split into 66.66% and
33.33% for training and testing respectively.

AMD

NORMAL DR DR NORMAL GLAUCOMA DR

STARE

CHASE-DBI1 DRIVES FIVES

Fig. 3. Samples of vessel extraction outcomes for the proposed
RetiSegNet model (a) Original image, (b) Ground truth, (c) Extracted
vessels, (d) Masked image.
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Fig. 4. Confusion matrix for validation of the classification perfor-
mance of the developed model using: (a) the REMid dataset, (b) the
ODIR dataset, and (c) the FIVES dataset.

C. Subjective Analysis

The visual demonstration of vessel extraction performance
is shown in Fig. 3. Fig. 3 (a) indicates the source images for
the testing datasets. The corresponding vessel ground truths
provided in the datasets are visualized in Fig. 3 (b). The vessels
extracted by the RetiSegNet framework are demonstrated in
Fig. 3 (c). It can be observed from Figs. 3 (c) that the devel-
oped RetisegNet model effectively extracts both the thick and
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thin vessels. The corresponding masked image that contains
the information from both vessels is shown in Fig. 3 (d).
Similarly, the developed STDeeepNet framework’s disease
classification capability can be demonstrated via confusion
matrices. The confusion matrices of the STDeepNet frame-
work for the FIVES, RMFiD, and ODIR datasets are demon-
strated in Fig. 4. The RMFiD dataset consists of 3 disease
classes of fundus images. The confusion matrix for STDeep-
Net on RFMiD, ODIR, and FIVES datasets are demonstrated
in Fig. 4 (a), (b), and (c) respectively. From these figures, it
may be observed that the designed STDeepNet is capable of
identifying various fundus diseases from diverse datasets.

D. Objective Evaluation

The objective assessment of the developed framework Re-
tiSegNet is carried out using the performance metrics [25]
including Accuracy (Acc), Sensitivity (Sen), Specificity (Spe),
and Dice coefficient (DSC) for the vessel extraction task. Simi-
larly, the classification performance of the designed framework
considers the Accuracy (Acc), Fl-measure (F1), and area
under the curve (AUC) [26]. The performance measures for
vessel extraction tasks are reported in Table II. For the vessel
extraction task, we have considered 4 benchmark datasets, as
all these datasets include the vessel mask as ground truth. From
Table II, it may be observed that the proposed RetiSegNet
model attains higher Sen and DSC values against all SOTA
methods for the FIVES dataset (Seen Setup). However, the
RetiSegNet framework achieves competitive values of ACC
and Spe against SOTA methods. Also, from Table II, it is
found that the RetiSegNet model attains better performance
over unseen data from the STARE, DRIVE, and CHASE-DB1
datasets against SOTA approaches.

To test the efficacy of the STDeepNet model, it is subjected
to various disease class identification utilizing FIVES, RFMiD,
and ODIR datasets. Table III indicates the performance of the
STDeepNet against SOTA methods for the aforementioned
datasets. It can be observed that the proposed framework
achieves the higher values of Acc, Fl-measures against all
SOTA methods for all the datasets. Also, the STDeepNet
attains a higher value of AUC for FIVES and RFMiD against
all the SOTA methods. However, the STDeepNet provides
the competitive value of AUC for ODIR dataset. From these
Tables II - III it may be deduced that, the developed Deep-
RetinaNet is capable of generalizing diverse datasets and may
be suitable for real-time applications. In the Tables II, IIT “-”
indicates the unavailability of source code or data and the bold
entries indicate the best value for the reported performance.
The graphical analysis of the proposed RetiSegNet model
against 25 SOTA approaches is presented in Fig. 5. Similarly,
the graphical analysis of the STDeepNet is depicted in Fig.
6. Both graphs demonstrate the robustness of the proposed
framework against 49 SOTA approaches.

V. ABLATION STUDY

In this section, an ablation analysis was conducted for vessel
extraction and classification to validate the efficacy of the
developed DeepRetinaNet architecture. In the vessel extraction

IEEE LATIN AMERICA TRANSACTIONS, Vol. 23, No. 8, AUGUST 2025

TABLE 11
OBJECTIVE COMPARISON OF VESSEL EXTRACTION
PERFORMANCES OF THE PROPOSED RETISEGNET
TECHNIQUE AGAINST SOTA METHODS

Models Dataset Acc(%) Sen(%) Spe(%) DSC(%)
Multi-GlaucNet [25] 97.98 89.36 99.43 85.62
SGAT-Net [27] 98.86 91.62 99.33 90.51
MCDAU-Net [28] 98.81 91 99.3  90.78
GT-DLA-dsHF [29] FIVES (Seen Setup) 98.76 90.79 99.26 90.48
O-SAM [7] - - 79.53 809
SCOPE [30] - - 85 85
VisionDeep-Al [19] 97.4 - 96.99  89.9
RetiSegNet (Proposed) 97.82 94.71 98.12 91.2
TUnet-LBF [31] 96.81 80.04 985 81.98
SegR-Net [32] - 82.12 97.41 80.75
ARSA-Unet [33] 96.63 8793 97.72 8535
SGL-Unet [34] 96.38 7739 98.67 82.19
UCTransnet [35] 96.47 7722 984 79.97
SwinUnet [35] STARE (Unseen Setup) 96.44 79.1 98.18 83.23
CSAU [36] 96.73  84.65 - 84.35
Octave-Unet [37] 97.13 86.64 97.98 8191
RV-GAN [38] 97.54 83.56 98.64 83.23
RetiSegNet (Proposed) 97.04 9247 97.52 85.63
CSAU [36] 95.63 83.49 - 82.49
Octave-Unet [37] 96.64 83.74 979 8127
Modified-Unet [35] DRIVE (Unseen Setup) 95.59 175.01 98.59 81.24
SGL-Unet [34] 97.05 83.8 98.34 83.16
RetiSegNet (Proposed) 9548 82.83 97.7 84.53
Octave-Unet [37] 97.59 86.7 984 83.13
Unet [39] 96.12 88.18 96.73 75.65
SGL-Unet [34] CHASE-DBI1 (Unseen Setup) 97.71 869 98.43 82.71
UCTransnet [35] 96.47 7722 984 79.97
SwinNet [35] 96.44 79.1 98.18 80.23
RetiSegNet (Proposed) 97.92 984 97.88 86.76

stage, the two components of the developed network: Residual
QuattroNet and AEDNet are separately trained using the
FIVES dataset. During training, the validation accuracy found
from the Residual QuattroNet module is 61.96% with a space
complexity of 20.5M. Similarly, the validation accuracy found
from the AEDNet module is 97.74% with a space complexity
of 7.6M. On the other hand, by combining the two models,
the validation accuracy is increased to 99.66% with a space
complexity of 28.2M illustrated in Table IV. Therefore, in
the developed RetiSegNet, we combined both AEDNet and
Residual QuattroNet to attain better performance which may
be suitable for real-time applications.

In the classification stage, the classification is performed
through developed STDeepNet with various network modifica-
tions illustrated in Table V. Initially, the LSTM layers used in
the network are removed as a result, the classification accuracy
is reduced to 81.31 % with a space complexity of 2.1M.
Further, the network is trained with identity and convolution
blocks without the introduction of MI and MCONYV blocks,
resulting in a classification accuracy of 74.24 %. On the use
of the ReLLU activation function instead of PReLLU activation,
the classification accuracy is reduced to 76.26 %. Hence,
from the above analysis, it can be seen that the proposed
STDeepNet achieves better performance as compared to any
other modifications in the network.

An experimental analysis is performed to choose the number
of epochs during the training of the proposed model. We have
trained the proposed RetiSegNet and STDeepNet models with
different numbers of epochs including 40, 50, and 60 while
fixing the learning rate = 0.0001 and batch size = 4 which
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Fig. 5. Graphical comparison of the proposed RetiSegNet technique
against 25 SOTA approaches for vessel extraction using DSC mea-
sure.

are shown in Table VI. From Table VI it is observed that
the proposed model attains better validation accuracy with
a maximum 50 numbers of epochs as it balances learning
and overfitting, allowing the model enough time to learn
meaningful patterns without excessive risk of memorizing the
data. Also, it balances the training time and computational
resources.

Again, batch size is also an important hyperparameter that
needs to be optimized for better performance of the developed
algorithm shown in Table VII. From Table VII it is found that
the proposed model with a batch size of 4 can enhance model
generalization by introducing more noise into gradient updates,
which helps the model avoid local minima and overfitting. It
allows more frequent updates, potentially speeding up conver-
gence in terms of iterations. Additionally, it reduces memory
requirements, making it suitable for training on limited hard-
ware. Further, an empirical analysis is conducted to choose the
learning rate depicted in Table VII. This table indicates that
training the proposed models with a learning rate = 0.0001
achieves higher validation accuracy against the learning rates
of 0.01 and 0.00001. A small learning rate of 0.0001 helps
ensure the training process is stable and avoids drastic jumps
in the parameter values that could approach convergence.
Furthermore, we have utilized an ADAM optimizer to adjust

TABLE III
OBJECTIVE COMPARISON OF PROPOSED STDEEPNET
MODEL AGAINST SOTA METHODS

Methods Dataset  Acc(%) F1(%) AUC(%)
ResNet101 [40] 94.17 94.18 -
DenseNet169 [40] 93.33 93.33 -
Xception [40] 92.5 92.52 -
InceptionV3 [40] 91.67 91.66 -
DenseNet121 [40] 90.83 90.75 -
InceptionResNetV2 [40] FIVES 90 90.08 -
ResNet50 [40] 89.17 89.26 -
EfficientNetBO [40] 88.33 88.37 -
VisionDeep-Al [19] 81.5 81.15 82
STDeepNet (Proposed) 99.25 98.49 99.01
EfficientNetV2-S [41] - 82.78 96.63
AlterNet-T [42] - 83.92 96.67
EfficientNet B2 [43] - 77.76 94.87
Inception-v3 [44] - 82.45 96.13
Densenet-121 [45] RFMiD - 83.51 96.04
ResNet18 [46] - 81.94 96.47
ResNeXt-50 [47] - 81.3 95.54
Tj-CNN [48] - 84.82 96.88
DNN [49] 92.34 95.19 -
STDeepNet (Proposed) 98.18 95.33 98.34
VGG16 + SGD [50] 71.28 85.57 84.93
Inception-v4 [51] 75.16 87.93 86.91
Vgg-16 [51] 73.02 87.3 86.81
BFENet [52] ODIR 77.97 89.2 91.2
ResNet [53] 76.97 88.6 90.3
Fundus-DeepNet [26] 92.41 88.56 99.76
STDeepNet (Proposed) 95.89 95.89 95.33

TABLE IV

ABLATION ANALYSIS (IN TERMS OF SPACE COMPLEXITY)
OF RETISEGNET WITH RESIDUAL QUATTRONET, AEDNET,
AND COMBINATION OF BOTH

Segmentation

Network Type Epochs Layers Trainable parameters (in million (M)) Accuracy (%)

Residual
QuattroNet 50 99 20.5M 61.96
AEDNet 50 45 7.6M 97.74
RetiSegNet 50 142 28.2M 99.66

the learning rate for each parameter based on its past gra-
dients, which can significantly speed up training and improve
convergence. Further, ADAM combines the advantages of two
popular optimization algorithms: AdaGrad and RMSprop. In
Table VI and Table VII the proposed experiment is executed
multiple times with different epochs. In each experiment, the
training samples are chosen randomly. Therefore, the inference
time for different images in the same dataset may vary due
to differences in image complexity, such as texture, edges,
and object density, affecting the inference time. The average
inference times after training of each model are reported in
Table VI. Similarly, for Table VII the proposed algorithms
were tested by varying the learning rate and batch size by
keeping the maximum number of epochs as 50. The inference
time varies in multiple experiments based on the complexity
of the image. The inference time of each model is mentioned
in Table VII. From Table VII, it may be inferred that the
RetiSegNet model with a batch size of 4 and a learning rate
of 0.0001 attains a better validation accuracy of 99.66 %.
Similarly, the STDeepNet attains a better validation accuracy
of 98.18 % at a batch size of 4 and a learning rate of 0.0001.
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Fig. 6. Graphical comparison of the proposed STDeepNet framework
against 24 SOTA approaches for disease classification using F1-
measure.

TABLE V
ABLATION STUDY (IN TERMS OF SPACE COMPLEXITY)ON
THE EFFECT ON THE PERFORMANCE OF VARIOUS
COMPONENTS OF THE DEVELOPED STDEEPNET
FRAMEWORK

Trainable parameters

Network Type Layers (in million (M) Validation Accuracy (%)
Without LSTM Layers 55 2.1M 81.31
Without MI and MCONYV blocks 60 2.7M 74.24
With ReLU activation 60 2.TM 76.26
STDeepNet 60 2.TM 99.35
TABLE VI

EFFECT OF EPOCHS ON THE PERFORMANCE OF THE
PROPOSED FRAMEWORKS

Proposed . Validation

Framlc): works Epochs Inference time Accuracy (%)

50 0.69 sec 99.66
RetiSegNet 40 0.82 sec 97.51

60 0.84 sec 94.25

50 1.02 sec 98.18
STDeepNet 40 1.03 sec 93.58

60 1.05 sec 91.44

VI. CONCLUSION

In this work, an effective DeepRetinaNet framework is
developed for automated retinal disease diagnosis. The de-
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TABLE VII
EFFECT OF LEARNING RATE AND BATCH SIZE ON THE
PERFORMANCE OF THE PROPOSED FRAMEWORKS

Proposed Learning Batch Inference  Validation

Frameworks  Rate Size time Accuracy (%)
0.0001 4 0.69 sec 99.66
. 0.01 4 0.79 sec 91.21
RetiSegNet 00001 4 0.57sec  93.66
0.0001 8 0.61 sec 96.54
0.0001 4 1.02 sec 98.18
0.01 4 0.82 sec 50.8
STDeepNet 00001 4 Il4sec  82.89
0.0001 8 0.81 sec 93.05

signed DeepRetinaNet model has two stages of novelties:
retinal vessel extraction and disease classification. Here, the
vessel extraction is performed using the developed RetiSegNet
framework comprised of AEDNet and quattroNet networks.
The developed RetiSegNet can effectively extract the vessels,
as the AEDNet network is efficient for detecting the vessel
boundary and the quattroNet network is capable of retaining
global features. Subsequently, the disease classification task is
carried out via the designed STDeepNet network consisting
of MI, MCONYV blocks, and the LSTM layers. The MI and
MCONYV blocks can accurately preserve the subtle detail
variations in the fundus image. Also, the LSTM layers can
effectively capture the images’ long-term dependencies and
contextual relationships.

Therefore, the developed DeepRetinaNet framework is ro-
bust for vessel extraction as well as disease classification
in challenging fundus images. Further, the designed model
is capable of handling various complex datasets including
FIVES, STARE, DRIVE, CHASE-DBI1, RFMiD, and ODIR
efficiently. From various experiments, it is observed that
the proposed DeepRetinaNet surpasses 49 recently developed
SOTA. However, the developed RetiSegNet model is compu-
tationally expensive. Again, the developed STDeepNet model
needs to be validated for unseen data setup. Hence, in the
future, the computational complexity of the framework would
be reduced along with improving the network for more disease
category identification with unseen setups.
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