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Preface

Every scientific domain has benefited from advances in AI and related fields. Retinal imaging

and image processing also witnessed a tremendous progression in this direction. This Special Issue

highlights some of those advancements in retinal imaging and image processing. The articles in

this Special Issue provide an insightful introduction to technological and scientific advancements in

retinal image processing. Nine contributory papers make up this Special Issue. These papers examine

state-of-the-art developments in various retinal imaging applications. These cutting-edge research

findings will serve as a reference for future research activities in the retinal imaging domain.

P. Jidesh and Vasudevan (Vengu) Lakshminarayanan

Guest Editors
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Editorial

Editorial on the Special Issue: “Advances in Retinal
Image Processing”

P. Jidesh 1,* and Vasudevan Lakshminarayanan 2

1 Department of Mathematical and Computational Sciences, National Institute of Technology Karnataka,
Surathkal 575025, Karnataka, India

2 Theoretical and Experimental Epistemology Laboratory, University of Waterloo,
Waterloo, ON N2J 4A8, Canada

* Correspondence: jidesh@nitk.edu.in

Retinal disorders are one of the major causes of visual impairment. The damage
to the retina can lead to severe visual challenges that can eventually cause blindness [1].
The lack of available early detection facilities is one of the challenges in handling this
problem. Prompt diagnosis of a retinal disorder can reduce the risk of visual impairment
in many cases [2]. Two of the prominent retinal imaging modalities that are widely used
for retinal examination are fundus images and optical coherence tomographs. Fluorescent
angiography is yet another non-invasive imaging modality used for retinal analysis [3]. An
ophthalmologist analyzes these images to arrive at a diagnosis. Due to the large patient
populations, especially in developing countries, a proper diagnosis becomes a challenging
task for the clinicians. Moreover, a lack of adequate facilities for acquiring images, especially
in remote areas, is another challenge for the timely diagnosis of disorders. Automated
retinal analysis can handle large amounts of data with minimal manual intervention. The
advent of AI and machine/deep learning modalities in the last decade has changed the face
of the scientific world. Retinal image analysis has also witnessed commendable progress
due to the advancement of AI and ML in the present context [4], with AI and ML models
becoming more efficient and accurate [5]. Convolutional Neural Networks (CNNs) and
their variants are also employed in retinal imaging applications [6]. A further development
is reported in [7], wherein the authors go one step further and utilize transformer networks
for retinal image processing. The ability of these models to handle large amounts of
input data in a short time has revolutionized the domain of retinal image processing. The
domain of retinal image enhancement and registration, multi-modal analysis, and multiple
disorder detection are the current focuses of retinal imaging, and AI models are employed
extensively in their implementations.

In this regard, this Special Issue focuses on multiple topics related to the retinal im-
age acquisition, analysis, and processing (https://www.mdpi.com/journal/jimaging/
special_issues/6OWLNIZNK8, accessed on 10 October 2025). Nine contributory papers
are included as a part of this Special Issue. Among them, eight are research articles and
one is a comprehensive review article. Each of these papers discuss various cutting-edge
technologies proposed for various retinal imaging and image processing applications. All
of these papers have undergone several rounds of rigorous review before being consid-
ered for publication. A brief description of the papers accepted for the Special Issues is
highlighted below.

The first contributory paper, titled “Robust PCA with Lw,∗ and L2,1 Norms: A Novel
Method for Low-Quality Retinal Image Enhancement”, is related to retinal image pre-
processing and enhancement for efficient analysis and detection of disorders. The authors

J. Imaging 2025, 11, 366 https://doi.org/10.3390/jimaging11100366
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have studied the role of Principal Component Analysis (PCA) with different norm con-
straints for enhancing low-quality retinal images that are degraded in their row forms in
many applications. As claimed by the authors, their method introduces a novel parameter
update approach and significantly improves retinal image quality, detecting cataracts and
diabetic retinopathy.

A retinal image quality assessment technique is studied in the second contributory
article titled “Subjective Straylight Index: A Visual Test for Retinal Contrast Assessment
as a Function of Veiling Glare”. A contrast assessment of retinal images was performed
as a function of Veiling Glare. Contrast assessments are vital for analyzing and making a
diagnosis from the images. If the image quality hampers the diagnosis and detection process
it can eventually result in spurious analysis. The authors propose a new computational
methodology to generate visual acuity charts affected by ocular scattering effects. A retinal
contrast assessment is analytically studied in this work.

In the third contributed paper titled “When Sex Matters: Differences in the Central
Nervous System as Imaged by OCT through the Retina”, the authors compute mean value
fundus images for the neuroretina layers as imaged via OCT of healthy individuals. Texture
metrics were obtained from these images to assess whether women and men have the same
retina texture characteristics in both eyes. The authors arrive at the conclusion that the
differences between the right and left eyes manifest differently in females and males.

The main objective of the fourth contribution, titled “Arteriovenous Length Ratio:
A Novel Method for Evaluating Retinal Vasculature Morphology and Its Diagnostic Po-
tential in Eye-Related Diseases”, is to propose a new method for assessing one of the
morphological changes in the fundus through morphometric analysis of retinal images.
The proposed method in this paper introduces a novel approach called the arteriovenous
length ratio (AVLR). Unlike commonly used measures such as the arteriovenous width
ratio or tortuosity, the AVLR focuses on assessing the relative length of arteries and veins
in the retinal vasculature.

The fifth contributory paper, titled “Retinal Microvasculature Image Analysis Using
Optical Coherence Tomography Angiography in Patients with Post-COVID-19 Syndrome”,
highlights the analysis of retinal microvasculature changes in patients after COVID-19.
In this study, the authors investigated the retinal microvasculature in PCS patients using
OCT-angiography and analyzed the macular retinal nerve fiber layer (RNFL) and ganglion
cell layer (GCL) thickness via spectral domain-OCT (SD-OCT).

In the sixth contributory paper titled “Evaluating Retinal Disease Diagnosis with
an Interpretable Lightweight CNN Model Resistant to Adversarial Attacks”, the authors
propose a lightweight CNN model for retinal disease diagnosis evaluation. Given the
computational requirement of a CNN model, a lightweight model is required to handle
large volumes of data efficiently. The advent of deep learning frameworks has changed the
face of retinal image analysis. This OCT-based model built on a CNN framework has been
found to work efficiently in diagnosing retinal diseases.

An early screening and diagnosis of retinal diseases can be performed from opti-
cal coherence tomography (OCT) images using deep learning methods. In the seventh
contributory paper titled “Multi-Fundus Diseases Classification Using Retinal Optical
Coherence Tomography Images with Swin Transformer V2”, the authors propose a shifting
window-based transformer for multi-fundus disease classification using OCT images. The
transformers efficiently attend to important features as they use a multi-headed attention
network for feature enhancement. Furthermore, the Swin transformers improve their
computational efficiency.

In the eighth contributory paper titled “Advancements in Cataract Detection The
Systematic Development of LeNet-Convolutional Neural Network Models”, the authors
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portray various advancements in cataract detection using a CNN-based model. Despite the
fact that cataracts can be diagnosed and treated successfully, patients often delay seeking
medical attention due to the relatively asymptomatic nature of the disease. To address this
challenge, this research focuses on the identification of cataract abnormalities using image
processing techniques and machine learning for preliminary assessment.

Finally, in the ninth and final paper titled “Denoising of Optical Coherence Tomogra-
phy Images in Ophthalmology Using Deep Learning: A Systematic Review”, a systematic
survey of denoising OCT images under a deep learning framework is carried out. This is
a review contribution where the authors have completed an elaborative analysis on vari-
ous state-of-the-art denoising methods for OCT image restoration. The efficiency of deep
learning frameworks in handling the denoising task make them a better choice compared
to traditional restoration models.

Conflicts of Interest: The authors declare no conflict of interest.
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Robust PCA with Lw,∗ and L2,1 Norms: A Novel Method for
Low-Quality Retinal Image Enhancement

Habte Tadesse Likassa 1,*,†, Ding-Geng Chen 1,2,*,†, Kewei Chen 1,†, Yalin Wang 3,† and Wenhui Zhu 3,†
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3 Computer Science and Engineering, School of Computing and Augmented Intelligence, Arizona State

University, Phoenix, AZ 85287-8809, USA
* Correspondence: hlikassa@asu.edu (H.T.L.); ding-geng.chen@asu.edu (D.-G.C.)
† These authors contributed equally to this work.

Abstract: Nonmydriatic retinal fundus images often suffer from quality issues and artifacts due to
ocular or systemic comorbidities, leading to potential inaccuracies in clinical diagnoses. In recent
times, deep learning methods have been widely employed to improve retinal image quality. However,
these methods often require large datasets and lack robustness in clinical settings. Conversely, the
inherent stability and adaptability of traditional unsupervised learning methods, coupled with their
reduced reliance on extensive data, render them more suitable for real-world clinical applications,
particularly in the limited data context of high noise levels or a significant presence of artifacts.
However, existing unsupervised learning methods encounter challenges such as sensitivity to noise
and outliers, reliance on assumptions like cluster shapes, and difficulties with scalability and inter-
pretability, particularly when utilized for retinal image enhancement. To tackle these challenges,
we propose a novel robust PCA (RPCA) method with low-rank sparse decomposition that also
integrates affine transformations τi, weighted nuclear norm, and the L2,1 norms, aiming to overcome
existing method limitations and to achieve image quality improvement unseen by these methods.
We employ the weighted nuclear norm (Lw,∗) to assign weights to singular values to each retinal
images and utilize the L2,1 norm to eliminate correlated samples and outliers in the retinal images.
Moreover, τi is employed to enhance retinal image alignment, making the new method more robust
to variations, outliers, noise, and image blurring. The Alternating Direction Method of Multipliers
(ADMM) method is used to optimally determine parameters, including τi, by solving an optimization
problem. Each parameter is addressed separately, harnessing the benefits of ADMM. Our method
introduces a novel parameter update approach and significantly improves retinal image quality,
detecting cataracts, and diabetic retinopathy. Simulation results confirm our method’s superiority
over existing state-of-the-art methods across various datasets.

Keywords: RPCA; τi; Lw,∗ norm; L2,1 norm; image enhancement

1. Introduction

Estimating genuine low-rank components from corrupted high dimensional images is a
significant advancement in health applications, particularly in biomedical image processing.
Leveraging these inherent low-rank characteristics in biomedical image processing is crucial
for transforming a wide array of real-world health-related applications, fostering substantial
progress and innovation in the field. Among these, image enhancement has garnered sig-
nificant attention from researchers, particularly in fields such as cataract diagnosis [1–4],
cancer detection [5], retinal enhancement [6–9], medical image segmentation [10–12], scene
categorization [13], crime detection [14], sparse coding [15], image denoising [16], com-
munications and computational imaging [17], computer vision [18], and retinal disease
detection [19,20] such as glaucoma [21,22]. However, the existing methods encounter sig-
nificant challenges such as image blurring, noise, and corruptions in biomedical imaging.

J. Imaging 2024, 10, 151. https://doi.org/10.3390/jimaging10070151 https://www.mdpi.com/journal/jimaging5
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Nowadays, deep learning methods have been widely applied to biomedical image
processing for medical diagnosis [23,24]. An example is the deep hybrid network low-light
image enhancement approach via a unified network with two different streams to capture
the global content and the salient structures of the clear image [25]. Yet, this method
requires a large volume of training data and storage to process millions of parameters. A
hybrid retinal image enhancement algorithm was proposed by [26] for detecting diabetic
retinopathy and improving the low quality, using the deep learning model. However,
this method is computationally expensive and lacks robustness when the percentage of
noise level in images is high. To improve poor-quality retinal fundus images, a simple but
effective end-to-end unsupervised learning framework was proposed by [7]. Moreover,
Zhu et al. (2023) [27] introduced an unpaired image-to-image translation method for
converting low-quality images into their high-quality counterparts. Similarly, Liu et al.
(2022) [28] proposed the pyramid constraint to create a degradation-invariant supervised
learning enhancement network (PCE-Net). This approach reduces the need for clinical
data and effectively enhances the hidden intrinsic dataset. However, challenges still persist
in clinical scenarios. To address the challenges of uneven illumination, blurring, and
various anomalies, in enhancing retinal images, Liu and Huang [29] introduced a combined
approach for improving low-quality retinal images and segmenting blood vessels, utilizing
a diffusion model for both tasks [30]. Furthermore, Oh et al. (2023) [31] introduced a
novel retina image enhancement framework using scattering transform. This framework
entails training an enhancement model that relies on paired images to convert low-quality
images into their high-quality counterparts. However, these methods lack generalization
on data outside of the training set and encounter problems with mode collapse with the
GAN-based unsupervised method, including difficulties in optimizing the parameters.
Additionally, deep learning methods via a new frontier of machine learning require more
training [32], which takes more computational time [33,34], and have poor real-world
clinical generalizability, limiting their practicality in medical imaging [35,36]. Moreover,
deep learning models are often considered black boxes, lacking the interpretability crucial
for clinical acceptance [37,38]. Hence, it is essential to consider traditional unsupervised
machine learning methods to enhance the quality of retinal images.

To overcome the drawbacks of the deep learning methods, unsupervised learning
methods have been proposed for retinal image processing [39]. For instance, a contrast-
limited adaptive histogram equalization (CLAHE) method was proposed by [40], and a
histogram equalization method (HEM) incorporating a tunable parameter was proposed
by [41]. However, these methods fail to maintain image quality, often resulting in excessive
blurring of the edges. In an effort to enhance retinal image quality, researchers have
proposed the low-light image enhancement method (LLIEM). This innovative approach
incorporates multi-resolution branches to gain a deeper understanding of diverse levels of
local and global context through distinct streams as outlined in reference [42]. However, this
method suffers loss of information and semantic content. The machine learning technique
was proposed by [43] for retinal image enhancement and glaucoma detection—review
and perspective—and a hybrid image enhancement algorithm (HIEA) was developed
by [44], which incorporates a median filter for image denoising and is also time consuming.
Although these methods do not require training datasets, they lack robustness in high-
dimensional medical images with noisy data. To enhance the low-quality of images,
a spatial domain filtering method incorporated with the Lw,∗ norm by [45] and a new
approach proposed by [46] suggest detecting microaneurysms by considering grey-scale
transformations that reduce spatial dependence between images as in [47]. Gao et al.
(2019) [48] applied adaptive retinal mechanisms to enhance fundus images as demonstrated
by [49,50]. To enhance the quality of retinal images, several methods [51] have been
proposed. However, these approaches require explicit training data and exhibit more
computational complexity.

Recently, Jiang et al. (2023) [52] proposed an event-based low-illumination image
enhancement technique. However, these methods lack the ability to accurately estimate the
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true underlying objects and reduce nonexistent blurring when enhancing the low-quality
color fundus images. This affects diagnostic accuracy and hinders their direct application
to fundus images. Given the constraints of conventional unsupervised learning techniques,
there is a compelling need to introduce a novel method capable of robust generalization
and effective noise handling in high-dimensional and complex image datasets.

To address the limitations of unsupervised learning methods in terms of robustness,
interpretability, and computational efficiency for various imaging tasks, numerous meth-
ods have been developed ever since the epoch-making emergence of Robust Principal
Component Analysis (RPCA) by [53,54]. These methods, proposed by [53], and a myr-
iad of other methods [55,56], proposed to enhance the quality of images through robust
low-rank-sparse image representation. For instance, Wright et al. (2009) and Kopriva et al.
(2016) [57,58] demonstrated the potential of low-rank matrix approximation to enhance the
quality of images. However, the full benefits of these techniques have yet to be extensively
explored in the realm of biomedical imaging. In this regard, the low-rank approximation
model [59–61] has been explored with great success in natural image recovery. The ADMM
approach is employed to iteratively update optimization variables, similar to the work
of [61–63]. However, while the performance of these methods appears promising, the
methods assign the same singular values to different images, which affects the performance
in complex and highly correlated images. Similarly, tensor low-rank representation (TLLR)
for image denoising was proposed by [64], while [8,65] proposed sparse rank-constrained
learning and its application for medical image grading. However, they fail to denoise highly
correlated images, as they do not consider the L2,1 and Lw,∗ norms, which undermines the
method’s performance.

Despite its theoretical foundation and practical efficacy, the RPCA methodology put
forth by [9,53,61,62,64,66] fails to differentiate between singular values in image data, em-
ploying a uniform approach to regularization across all singular values. This approach
leads to an inaccurate estimation of the low-rank component of image data [53,67,68]. To
overcome this issue, this paper proposes a novel RPCA method by adding τi, Lw,∗ and
L2,1 norms. To be robust against the adverse effects, the new method combines τi, Lw,∗
and L2,1 norms for a better biomedical image processing. To reduce the misalignment
problem in retinal image recovery, affine transformations are incorporated to render more
accurate robust image enhancement. Our method benefits from the weighted nuclear norm,
a norm which assigns varying weights to different retinal images through singular value
decomposition, enhancing its adaptability and effectiveness. In this paper, an alternative
novel method is proposed which is robust to the selection of different EyeQ and cataract
images taken from the Kaggale datasets. The ADMM technique is considered, and a new
set of equations is formed to estimate the optimization parameters and affine transforma-
tions in an iterative process. The simulation results demonstrate that the proposed method
outperforms state-of-the-art techniques for enhancing retinal images on certain popular
available datasets.

The key contributions of this paper can be summarized as follows.
(1) In this paper, we proposed a novel RPCA that integrates affine transformations to

iteratively and accurately estimate the low-rank component from highly complicated retinal
images. This work incorporates affine transformations to rectify distorted or misaligned
retinal images, aiming to achieve improved quality. As a result of incorporating affine
transformation, a new updated parameter is achieved. To tackle the computational load,
all parameters are individually solved using ADMM and then updated iteratively in a
round-robin manner.

(2) The novel approach aims to enhance robustness against diverse adverse effects,
such as measurement noise, image blurring, and artifacts by integrating the previously
unexplored Lw,∗ and L2,1 norms in retinal imaging enhancement techniques. In this work,
the Lw,∗ norm is employed to assign weights to singular values for each retinal image,
providing essential adaptability for scenarios where specific features or dimensions need
emphasis during decomposition. Additionally, the L2,1 norm is utilized to effectively
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eliminate correlated samples and outliers within complex retinal images, and it enables
denoising, feature highlighting, and artifact removal from retinal images, resulting in
clearer and more informative images, beneficial for medical diagnosis and analysis.

(3) The developed method is efficiently solved using the ADMM approach itera-
tively, ensuring robustness and effectiveness in addressing the complexities of retinal
image enhancement.

(4) The method’s effectiveness is demonstrated through extensive simulations with
multiple retinal images, showing improved image quality by addressing degradation
factors such as cataract, glaucoma and diabetic retinopathy in human eyes.

(5) This work not only proposes a novel RPCA method but also aims to draw schol-
ars’ attention to the development of low-rank image representation techniques in retinal,
cataract, and cancer imaging, with the goal of reducing anomalies for improved clinical
diagnosis in biomedical image processing, an aspect that has not been extensively explored
in previous methods, highlighting the potential for advancements in this field.

This paper is structured as follows. Section 2 discusses the novel method of RPCA
with Lw,∗ and L2,1 norms. We further explain the parameter estimation in the optimization
techniques. Section 3 describes the nature of the dataset considered for medical image
analysis. Section 4 presents the results of medical image analysis using visualization
and numerical analysis. Section 5 provides some discussions and concluding remarks to
summarize the paper.

2. Methods

Within this section, we describe the development of the new method for retinal
image enhancement.

2.1. RPCA with Lw,∗ and L2,1 Norms

One of the major drawbacks of the existing methods, such as [53,69], is their ineffi-
ciency in adequately eliminating outliers and noise, and detecting cataracts, glaucoma,
and diseases during biomedical image enhancement in human eyes. To overcome this
limitation, the subsequent section introduces a pioneering approach for enhancing retinal
images and also detecting cataracts and glaucoma.

2.2. The Lw,∗ and L2,1 Norms Method

Consider n low-quality retinal images, {R0
i } ∈ �w×h×c, i = 1, · · · , n, denoting the

width and height of the images as w and h, respectively, with c representing the number of
channels (e.g., “c = 3” for an RGB image).

Each of these retinal images depicts identical objects and exhibits high correlation
with one another. Often, these images are marred by issues such as image blurring due
to various adverse annoying effects. Then, it is possible to stack these images into a
matrix: N = [vec(R0

1) | vec(R0
2) | . . . | vec(R0

n)] ∈ �m×n, as such vec(·) used to denote the
vectorization operators for the purpose of stacking images. As such, the original images
N can be further decomposed N = L + E [70,71], where L ∈ �m×n is a clean low-rank
or enhanced image, and E ∈ �m×n denotes a sparse error matrix incurred by outliers or
corruptions. The RPCA by [53], which decomposes highly corrupted retinal images as
low-rank, can name enhanced image and anomalies as sparse in the form of optimization
techniques given by

min
L,E,Γ

‖L‖∗ + α‖E‖1

s.t N = L + E
(1)

where ‖L‖∗ = ∑
min(m,n)
i=1 σi(L), denoting the nuclear norm of the low-rank component

matrix L, σi(L) indicates the singular values of L, ‖E‖1 is the L1 norm given by ∑n
i=1|Ei|,

and Γ is the Lagrangian multiplier.
Typically, R0

i are usually not well matched, leading to imprecision in the low-rank-
sparse decomposition of retinal images after mitigating adverse effects.
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To address this, drawing inspiration from [72], we consider τi to substantially mis-
aligned retinal images R0

i to achieve well-transformed images Ri = R0
i oτi, where o indi-

cates the transforming operator. Then, by stacking these transformed retinal images into
a matrix, we achieve Noτ = [vec(R1) | vec(R2) | . . . | vec(Rn)] ∈ �m×n = L + E. Since
the solution of Noτ is intractable due to the nature of the nonlinearity issue, we have to
further linearize Noτ . Solving for the parameters related to the constraints Noτ = L + E
is intractable as a result of the nonlinearity issue. To overcome this obstacle, we proceed
under the assumption that the alterations induced by these affine transformations τi are
minor, and an initial τi is already available.

Then, we make a linearization to Noτ by taking the first-order-Taylor-approximation as
No(τ+Δτ) ≈ Noτ + ∑n

i=1 JiΔτωiω
T
i ; as such, Noτ ∈ �m×n is denoting a transformed image,

Δτ ∈ �p×n with p being the number of variables, Ji =
∂vec(Rioτi)

∂τi
∈ �m×p represents the

Jacobian of the i-th retinal images with respect to τi, and ωi is the standard basis for �n.
Thus, by adding τi to N, N is changed to Noτ + ∑n

i=1 JiΔτωiω
T
i as in [62,72,73].

To make the proposed method more resilient and robust to noise and outliers, occlu-
sions, blurring and artifacts, the L2,1 norms are incorporated by combining the L1 into the
L2 norm, which is employed to manifest the sparsity and the low-rank properties that are
regarded as the enhanced retinal images. Also, we transform images and consider the
L2,1 suggested by [74] to tackle the misalignment problem and highly correlated samples
between images. Moreover, the L2,1 regularizer is taken into account as the rotational
invariant of the L1 norm and it captures the collinearity between retinal images which is
preferred to overcome and address the lack of robustness due to outliers and anomalies [75].

To boost the performance of the proposed method, and tackle the drawbacks of the
nuclear norm [53,59,60,62], the Lw,∗ norm is incorporated to assign weights to singular
values in retinal images as demonstrated in [76–78]. Subsequently, the overall problem can
be formulated as an optimization problem as follows

min
L,E,Δτ,Γ

‖L‖w,∗ + α‖E‖2,1

s.t Noτ +
n

∑
i=1

JiΔτωiω
T
i = L + E

(2)

where ‖L‖w,∗ = ∑n
i=1|wiσi(L)|, wi is the weight given by b/

√
n

σi(L)+ε
, where b > 0 is repre-

senting a constant, n is the number of similar retinal images in Lj, ε = 10−16 is used to
reduce the complexity of dividing by zero, and σi(L) denotes the singular value of a matrix
L [76], then the L2,1 norm can be given by ‖E‖2,1 = ∑n

i=1(∑
m
j=1 E2

ji)
1/2 which denotes the

L2,1 norm of E which denotes the L2,1 norm of E [60,62], and Γ and α denote the Lagrangian
multiplier and regularization parameter, respectively.

2.3. Parameter Estimation

To solve (2), we delve into the augmented Lagrangian function, characterized by:

L(L, E, Δτ, Γ) = ‖L‖w,∗ + α‖E‖2,1 + 〈Γ,P− L − E〉
+

μ

2
‖P− L − E‖2

F
(3)

where Γ ∈ �m×n denotes the Lagrangian multiplier, μ denotes the penalty parameter, and
P = Noτ + ∑n

i=1 JiΔτωiω
T
i . By utilizing an augmented Lagrange multiplier alongside an

adaptive penalty as proposed in [79,80], (3) can be reformulated as:

L(L, E, Δτ, Γ) = ‖L‖w,∗ + α‖E‖2,1

+
μ

2

∥∥∥∥P− L − E +
Γ

μ

∥∥∥∥2

F

(4)
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Directly solving (4) poses significant computational challenges; thus, we opt for
iteratively updating the parameters alternately using the ADMM method [62,81].

Firstly, to update L, we fix E and Δτ as constant, so L(k+1), updated by

L(k+1) = argmin
L

L
{

L, E(k), Δτ(k)
}

(5)

k is an index representing an iteration. By ignoring all parameters as a constant L,
Equation (5) can be rewritten as

L(k+1) = argmin
L

L
{

α‖L‖w,∗ +
μ(k)

2

∣∣∣∣∣
∣∣∣∣∣P(k) − L

− E(k) +
Γ(k)

μ(k)

∣∣∣∣∣
∣∣∣∣∣
2

F

} (6)

Problem (6) is equivalent to the weighted nuclear norm minimization (WNNM) prob-
lem [76,81,82], and the closed-form solution of the WNNM operator is given by

L = UΣ̂V T (7)

where L = UΣ̂VT , Σ̂ is given by (diag(σ1(L), ..., diag(σn(L))) and σi(L) =

{
0, c2 < 0

c1+
√

c2
2 , c2 ≥ 0

where c1 = σi(K) − ε, c2 = (σi(K) + ε)2 − 4C, ε and C are small constants and
K = − 1

2 (Ek − Pk − Γk

μk ).

Secondly, to update E, we keep L and Δτ as constants, then E(k+1) is updated by

E(k+1) = argmin
E

L
{

L(k+1), E, Δτ(k)
}

(8)

from which E, Equation (8), is reduced as

E(k+1) = argmin
E

{
α‖E‖2,1 +

μ(k)

2

∣∣∣∣∣
∣∣∣∣∣P(k)

− L(k) − E +
Γ(k)

μ(k)

∣∣∣∣∣
∣∣∣∣∣
2

F

} (9)

By considering the lemma as in [83] as constants, the optimal parameter of the i-th
column of E(k+1), E(k+1)

j is given by

E(k+1)
j =

⎧⎪⎨⎪⎩
∥∥∥U(k)

j

∥∥∥
2
− α

μ(k)∥∥∥U(k)
j

∥∥∥
2

U(k)
j , if

∥∥∥U(k)
j

∥∥∥
2
≥ α

μ(k)

0, otherwise

(10)

where U(k) = (P(k) − L(k) + Γ(k)

μ(k) ), and ‖.‖2 is denoting the Euclidean norm. Next, to

optimize Δτ, L and E are considered fixed, and then Δτ(k+1) is given by

Δτ(k+1) = argmin
Δτ

L
{

L(k+1), E(k+1), Δτ
}

(11)
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Consider all other parameters independent of Δτ as constant, from which we can obtain

Δτ(k+1) = argmin
Δτ

{
μ(k)

2

∣∣∣∣∣
∣∣∣∣∣P(k) − L(k+1)

− E(k+1) +
Γ(k)

μ(k)

∣∣∣∣∣
∣∣∣∣∣
2

F

} (12)

Solving (12) by considering the thresholds operator as in [72], we can achieve an
optimal parameter given by

Δτ(k+1) =
n

∑
i=1

J+i

(
L(k+1) + E(k+1)−

− Noτ − Γ(k)

μ(k)

)
ωiω

T
i

(13)

where J+i denotes the Moore–Penrose pseudoinverse of Ji [84]. Following the same proce-
dure as above, the Lagrangian multiplier Γ is updated through

Γ(k+1) = Γ(k) + μ(k+1)
{
P(k) − L(k+1) − E(k+1)

}
(14)

Similarly, the regularization parameter μ is updated through

μ(k+1) = min
{

μmax, ρμ(k)
}

(15)

where ρ is a carefully selected constant and μmax is an adjustable parameter that influ-
ences the convergence of the proposed method. The remaining parameters are updated
independently while keeping all other variables fixed.

As we invoked with affine transformation, we also achieved a new updating parameter
Δτ. To make the new method easy to understand, the pseudocode is given in Algorithm 1.

Algorithm 1 ADMM for RPCA with Lw,∗ and L2,1 norms.

Output Data Matrix N ∈ �m×n, L0 ∈ �m×n, E0 ∈ �m×n, Δτ0 ∈ �p×n, α, ρ
While not converged Do

Update: L(k+1) using (7)
Update: E(k+1) using (10)
Update: Δτ(k+1) using (13)
Update: Γ(k+1) using (14)
Update: μ(k+1) using (15)

End while
Outputs: L,E, Δτ

In this paper, we evaluate the performance of the new method first using statistical
measures through peak signal-to-noise ratio (PSNR) and structural similarity index measure
(SSIM). We further verify the generalizability of the proposed method using the Pearson
correlation coefficient (PCC) and Visual Information Fidelity (VIF) index based on on EyeQ,
Kaggle, and High-Resolution Fundus (HRF) retinal image datasets, each containing its own
degraded and ground truth images. In each experimental simulation, we first consider the
degraded retinal images, then apply the new method to these images to achieve enhanced
images. Next, we compare the enhanced images obtained through the proposed method
with the ground truth. Finally, we compare the robustness of our method with existing
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methods. All experimental simulations are performed in MATLAB. Additionally, we
consider regularization parameters, including ρ = 3 × 10−3, μ = 3 × 10−10 and λ = 4. For
an easy understanding of the procedure of the proposed method, we support with the
diagrammatic image representation shown in Figure 1.

Figure 1. Flowchart of the robust PCA for retinal image decomposition.

2.4. Numerical Evaluation Criterion

The two popular criteria mainly used as quantitative evaluation indicators are the peak
signal-to-noise ratio (PSNR) [85] and the structural similarity index measure (SSIM) [86,87].

The quality of retinal image enhancement by the proposed method is also validated
using SSIM [86,87], which is given by

SSIM( f , f̂ ) =
(2μ f μ f̂ + C1)((2σf σ f̂ + C2))

(μ2
f + μ2

f̂
+ C1)(σ

2
f + σ2

f̂
+ C2)

(16)

where μ f̂ , σ2
f , σ2

f̂
are the mean and variance of the ground truth and enhanced

retinal images.
The Pearson correlation coefficient PCC [88] between the ground truth image f and

the enhanced image f̂ is given by:

PCC =
∑n

i=1( fi − f̄ )( f̂i − ¯̂f )√
∑n

i=1( fi − f̄ )2
√

∑n
i=1( f̂i − ¯̂f )2

(17)

where:

f̄ =
1
n

n

∑
i=1

fi (18)

¯̂f =
1
n

n

∑
i=1

f̂i (19)
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The Visual Information Fidelity (VIF) [89] index between the ground truth image f
and the enhanced image f̂ is given by:

VIF =
∑N

i=1 log2

(
1 +

σ2
fi

σ2
vi

)
∑N

i=1 log2

(
1 +

σ2
fi− f̂i
σ2

vi

) (20)

where fi is the i-th block of the ground truth image f , f̂i is the i-th block of the enhanced
image f̂ , σ2

fi
is the variance of the ith block of the ground truth image f , σ2

fi− f̂i
is the variance

of the difference between the i-th block of the ground truth and enhanced images, and σ2
vi

is the noise variance in the i-th block of the ground truth image.

3. Datasets

In this section, three various retinal image datasets are used to evaluate the perfor-
mance of the new method described in Section 2.2. The first dataset is the Eye Quality
(EyeQ) retinal images which is taken from https://github.com/HzFu/EyeQ (accessed
on 16 June 2024). To see the effectiveness of the new method, we used two independent
datasets (both the training and testing images). The second dataset consists of retinal
images infected with cataracts and glaucoma taken from the https://www.kaggle.com/
datasets/jr2ngb/cataractdataset Kaggle dataset (accessed on 16 June 2024). The third dataset
is taken from the High-Resolution Fundus (HRF) Image Database https://www5.cs.fau.de/
research/data/fundus-images/ (accessed on 16 June 2024). We conducted comprehensive
simulations across scenarios where ground truth, considered clean images, were avail-
able (full-reference assessment) for three distinct datasets to validate the generalizability
of our method.

To see the efficacy of the new approach, we compared it with several existing ap-
proaches. Specifically, we considered HEM by [41], HIEA by [44], LLIE by [42], and one
low-rank sparse method, TLLR by [64]. The methods we compared our proposed approach
with are HEM by [41], TLLR by [64], LLIE by [42], and HIEA by [44]. In the upcoming
subsections, we will delve into the datasets utilized, the numerical evaluation criteria
employed, and the findings from our medical image analyses.

3.1. EyeQ Retinal Image Data

The Eye Quality (EyeQ) Assessment Dataset is a re-annotated subset of the EyePACS
dataset, created for fundus image quality evaluation. The EyeQ dataset [7,90,91] consists
of 28,480 training and 15,128 testing retinal images. The original retinal image dataset is
manually labeled into three quality levels: good, usable, and reject. First, we considered
10 in low-quality images from the training dataset and 10 from the testing images, which
are independent of the training dataset, to see the effectiveness of a novel approach in
enhancing the low-quality images. This dataset encompasses the ground truth and de-
graded images, where the ground truth refers to the normal high-quality retinal images,
while the degraded images, also called the low-quality retinal images, are simulated from
the ground truth using light disturbance, image blurring, and retinal artifacts as outlined
in [7,90,91]. The first two experiments predominantly focus on retinal image enhancement
considering 10 true color degraded retinal images with a size of 800 × 800 pixels from the
training dataset, while the second has a size of 256 × 256 pixels from the testing set; we
considered this to assess the performance of the proposed method through visualization
and numerical analysis.

3.2. Kaggle Cataract Retinal Image Data

The Kaggle dataset is another commonly used resource for evaluating the performance
of the proposed method described in Section 2.1. The EyePACS dataset on Kaggle contains
high-resolution retinal images used for cataract and other eye disease research. It includes
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thousands of annotated images, supporting diagnostic algorithm development. This
dataset aids advancements in automated disease detection. Researchers use EyePACS to
improve cataract diagnosis and eye care. This dataset contains retinal images that show
symptoms of cataracts, glaucoma, and other diseases affecting human eyes. The cataract
retinal images used for this analysis are taken from https://www.kaggle.com/datasets/jr2
ngb/cataractdataset dataset (accessed on 16 June 2024), which consists of approximately
3500. The main focus of the final simulation results relies on the cataract retinal images,
each having a size of 2464 × 1632 pixels.

3.3. High-Resolution Fundus Retinal Image Data

To verify the performance of the proposed method, we also considered the High-
Resolution Fundus (HRF) dataset, a meticulously curated collection of retinal images
tailored for developing and evaluating algorithms in medical image analysis. This dataset
has three subjects: the first is the normal retinal images, the second is the retinal images
infected with glaucoma, and the last one is retinal images with diabetic retinopathy, each
with dimensions of 3304 × 2336 pixels. Its objective is to advance ophthalmology by
considering high-quality images. It is also essential in the implementation of the new
development of methods for detecting retinal diseases like diabetic retinopathy, macular
degeneration, and glaucoma. The dataset includes 45 images, with 15 healthy retinas,
15 with diabetic retinopathy, and 15 with glaucoma. The high resolution of these images
enables the precise identification of critical features such as blood vessels, optic discs, and
lesions, which are essential for detecting conditions like diabetic retinopathy, glaucoma,
and age-related macular degeneration. By utilizing the HRF dataset, we were able to
implement the performance of the novel method compared with the state-of-the-art meth-
ods, enhancing our understanding of retinal diseases and advancing the development of
automated diagnostic tools. The summary of all the datasets considered for retinal image
data analysis is provided in Table 1.

Table 1. Characteristics of retinal image datasets.

Dataset Type Size

EyeQ [7,90,91] Retinal-Training 800 × 800 pixels
Retinal-Testing 256 × 256 pixels

Kaggle Cataract 2464 × 1632 pixels
HRF Diabetic Retinopathy 3304 × 1632 pixels

4. Results

In this section, we aim to present experimental simulations of the new method com-
pared with state-of-the-art methods such as HEM [41], TLLR [64], LLIE [42], and HIEA [44].
Initially, we conducted retinal image analysis using both the testing and training datasets.
Subsequently, we attempted to simulate enhancement based on cataract retinal images.
Finally, we conducted experimental simulations based on HRF diabetic retinopathy images.

4.1. Degraded Retinal Image Data Analysis

First, we conduct simulations on degraded retinal images taken from the train-
ing dataset as in [7,90,91]. In this experiment, 10 degraded retinal images with size
800 × 800 pixels are considered. As a visualization, some of the improved retinal images
based on the above methods are given in Figure 2, in which our novel method, shown in
Figure 2e, better enhances the degraded retinal images as compared to the state-of-the-art
methods [41,42,44,64]. The values of the PSNR and SSIM based on the individual images
are illustrated in Figure 3, from which we note that the new approach is relatively better to
improve the low-quality individual original retinal images. To validate the performance
of the proposed method, we employ PSNR and SSIM. HIEA [44] has better performance
than HEM, shown by [41], as HIEA [44] requires a median filter, which was employed for
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image denoising, which boosts the effectiveness of the new approach as compared with
LLIE developed by [42]. This result resembles the results given in Table 2, and further
confirms that the new method is more resilient to the degradation factors, which means
that the new approach outperformed the four competitors in all evaluation metrics.

Table 2. Comparison of methods by PSNR and SSIM (training dataset).

Methods PSNRs SSIMs

HEM [41] 19.06 0.47
TLLR [64] 7.26 0.22
LLIE [42] 18.10 0.47
HIEA [44] 22.50 0.60

Ours 24.33 0.76

Figure 2. Degraded retinal image enhancement (training dataset): (a) HEM [41]; (b) TLLR [64];
(c) LLIE [42]; (d) HIEA [44]; (e) ours; (f) degraded image, and (g) ground truth.
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Furthermore, we incorporate 10 degraded images from the EyeQ test dataset, which
has been commonly referenced in prior studies [7,90,91], to simulate additional light
interference, image blurring, and artifacts.

We check the performance of the proposed method to enhance the degraded images
through visualization and numerical measures using the PSNR and SSIM between the
degraded low-quality images and their high-quality counterparts. As illustrated, Figure 4e
shows some visual images enhanced by the proposed method compared with existing
methods. These images demonstrate that the proposed method significantly enhances
degraded retinal images, bringing them closer to the ground truth. The enhanced images
exhibit clearer visual quality by effectively removing light disturbance, image blurring,
and retinal artifacts. To further verify the performance of the new approach based on
individual retinal images, we compare it using the PSNR and SSIM with existing methods
as shown in Figure 5. LLIE [42] outperforms HEA [41] by considering multi-resolution
branches for a better understanding of different levels of local and global context, thus
mitigating the influence of outliers and noise. HIEA [44] surpasses all three existing
methods, as it is a hybrid algorithm incorporating a median filter for image denoising.
Figure 4e demonstrates that the new method achieves the best performance [41,42,44,64].
The summary values of the PSNR and SSIM for ten retinal images achieved by the proposed
method along with existing methods are shown in Table 3. From this table, we can see that
HIEA by [44] produces the second-best performance. This aligns with the results presented
in Figure 4 and further justifies that the proposed method better enhances the degraded
retinal images as compared with existing methods. The summary values of the PSNR
and SSIM for ten retinal images achieved by the proposed method along with existing
methods is given in Table 3, from which we can observe that HIEA by [44] produces
the second-best performance. The performance of the proposed method is evaluated,
taking more retinal images, and it is confirmed that the performance is better than the
existing methods. This is because HIEA combines median filtering to reduce variation
and combines it with deep learning to minimize the L2,1 norm of the sparse error. We can
also observe from Table 3 that the new approach still outperforms all existing methods. It
achieves this by including affine transformations and utilizing the L2,1 and Lw,∗ norms to
render more robust degraded retinal image recovery. The visual enhancement of degraded
retinal images shown in Figures 4e and 5 is more consistent with the numerical evaluation
analysis provided in Table 3. This is because the new method incorporates a set of affine
transformations and employs the L2,1 and Lw,∗ norms to simultaneously align and enhance
the retinal images. This enables the new method to reduce the influences of outliers,
heavy sparse noise, occlusions, light transmission issues, image blurring, retinal artifacts,
and illuminations.

Figure 3. PSNRs and SSIMs obtained from the ground truth and enhanced images (training retinal
degraded retinal images) computed by HEM [41] (blue color); TLLR [64] (green color); LLIE [42]
(magenta color); HIEA [44] (red color) and ours (black color).
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Table 3. Comparison of methods by the PSNR and SSIM (ground truth and enhanced images).

Methods
Based on Figure 4 Based on Figure 8

PSNR SSIM PSNR SSIM

HEM [41] 15.78 0.43 12.28 0.52
TLLR [64] 11.40 0.24 18.94 0.50
LLIE [42] 16.73 0.39 19.44 0.55
HIEA [44] 21.57 0.57 22.52 0.65

Ours 27.87 0.72 25.15 0.78

Next, we also conduct simulations on a more challenging set of 40 large samples of
low-quality degraded retinal images with size 256 × 256, sourced from [7,90,91], to verify
the performance of the proposed method in enhancing these retinal images as shown in
Figure 6e, demonstrating superior performance compared to existing methods. We also
verify the effectiveness of the proposed method by taking 40 retinal images and confirm
that the new method is better compared to the baselines, both through visualization and
numerical analysis. Subsequently, the comparison of PSNRs and SSIMs is summarized
in Table 4, revealing that LLIE [42] outperforms HEM [41] and TLLR [64]. Meanwhile,
our proposed method outperforms the existing methods due to its incorporation of affine
transformations, Lw,∗ and L2,1 norms. Statistically, the proposed method demonstrates
superiority over the other four competitors [41,42,44,64] in terms of PSNR and SSIM as
shown in Table 4. The PSNRs and SSIMs for individual images are given in Figure 7,
indicating that the performance of the proposed method surpasses that of the existing
methods. This improvement is attributed to the incorporation of affine transformation and
Lw,∗ and L2,1 norms to further denoise the degraded retinal images.

Table 4. Comparison of methods by the PSNR and SSIM (testing dataset).

Methods PSNR SSIM

HEM by [41] 16.95 0.42
TLLR by [64] 10.45 0.37
LLIE by [42] 16.99 0.39
HIEA by [44] 20.82 0.56

Ours 27.17 0.68

4.2. Cataract Retinal Image Data Analysis

In this section, we present the results of the proposed method compared with existing
methods [41,42,44,64] based on more challenging and high-dimensional cataract retinal
images from the Kaggle dataset. In this simulation, 10 retinal images with cataract with size
of 2464 × 1632 are considered. The visualization results show that the proposed method
performs better in enhancing ten retinal images infected with cataracts, closely aligning
with the ground truth as depicted in Figure 8e. To evaluate the performance of the proposed
method compared with existing methods for individual retinal images, we compute PSNRs
and SSIMs, from which we observe that the proposed method outperforms in enhancing
cataract retinal images as depicted in the third row of Figure 9. The result of Table 3 is
consistent with the results shown in image visualization. This improvement is attributed to
the proposed method considering τi, and the Lw,∗ and L2,1 norms. This is consistent with
the results in Table 3, and further confirms that the proposed method is more resilient to
outliers and heavy sparse noise.
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Figure 4. Degraded retinal image enhancement (testing dataset): (a) HEM by [41]; (b) TLLR by [64];
(c) LLIE by [42]; (d) HIEA by [44]; (e) ours; (f) degraded image, and (g) ground truth.

Figure 5. PSNRs and SSIMs obtained from the ground truth and enhanced images (testing retinal
degraded retinal images) computed by HEM [41] (blue color); TLLR [64] (green color); LLIE [42]
(magenta color); HIEA [44] (red color) and ours (black color).
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Figure 6. Degraded retinal image enhancement (training dataset): (a) HEM [41]; (b) TLLR [64];
(c) LLIE [42]; (d) HIEA [44]; (e) ours; (f) degraded image and (g) ground truth.
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Figure 7. PSNRs (a) and SSIMs (b) vs. degraded 40 retinal images. HEM [41] (blue color); TLLR [64]
(green color); LLIE [42] (magenta color); HIEA [44] (red color); ours (black color).
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Figure 8. Cataract infected low-quality retinal image enhancement: (a) HEM [41]; (b) TLLR [64];
(c) LLIE [42]; (d) HIEA [44]; (e) ours; (f) degraded image, and (g) ground truth.

Figure 9. PSNRs and SSIMs obtained from the ground truth and enhanced images (cataract retinal
images) computed by HEM [41] (blue color); TLLR [64] (green color); LLIE [42] (magenta color);
HIEA [44] (red color) and ours (black color).

4.3. HRF Image Database

To further verify the performance of the new method, we also considered a complicated
and high-dimensional dataset infected with various diabetic retinal images, with each
having a size of 3304 × 1632 pixels, for which the visualization results are displayed in
Figure 10. The result achieved by the novel method shown in Figure 10e is better in
enhancing the quality of the diabetic retinal images compared with the state-of-the-art
methods. This result is more consistent with the numerical simulations given in Table 5.
The individual results using PSNRs, SSIMs, PCCs and VIFs are illustrated in Figure 11,
in which the performance achieved by the proposed method is better compared to the
existing methods.
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Table 5. Comparison of methods by the PSNR, SSIM, PCC and VIF based on HRF dataset.

Methods PSNR SSIM PCC VIF

HEM [41] 24.78 0.50 0.93 0.86
TLLR [64] 6.97 0.21 0.95 0.85
LLIE [42] 20.51 0.43 0.95 0.47
HIEA [44] 14.92 0.65 0.94 0.69

Ours 28.006 0.79 0.987 0.949

Figure 10. Diabetic retinopathy retinal image: (a) HEM by [41]; (b) TLLR by [64]; (c) LLIE by [42];
(d) HIEA by [44]; (e) ours; (f) degraded image and (g) ground truth.

Figure 11. PSNRs and SSIMs obtained from the ground truth and enhanced images (HRF diabetic
retinopathy) (first row). The values of PCCs and VIFs obtained from the ground truth and enhanced
images (HRF diabetic retinopathy) (second row) computed by HEM [41] (blue color); TLLR [64]
(green color); LLIE [42] (magenta color); HIEA [44] (red color) and ours (black color).
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5. Discussion and Conclusions

This work is dedicated to the enhancement of retinal images by the RPCA method [53,54]
through Lw,∗, L2,1 and affine transformation, aimed at improving their robustness. The
development of these approaches represents a significant contribution to the field of
statistics in imaging, particularly in the realm of high-dimensional medical images. Existing
methods, as referenced in [53,54], often lack robustness in the presence of gross errors and
outliers within high-dimensional retinal images. In response to this challenge, this article
presents a novel method developed to address these issues head on.

In this paper, we propose a novel method for enhancing low-quality retinal im-
ages, which is crucial for detecting cataracts and diabetic diseases in human eyes. To
ensure robustness against anomalies such as light disturbances, image blurring, and retinal
artifacts, the proposed new method combines τi, and Lw,∗ and L2,1 norms into RPCA,
thereby advancing the existing optimization techniques. The proposed method for en-
hancing low-quality retinal images is a multifaceted approach that integrates several
mathematical frameworks to address the common challenges encountered in retinal imag-
ing. The incorporation of τi, Lw,∗ and L2,1 norms into Robust Principal Component Analysis
(RPCA) represents a sophisticated novel strategy to enhance the robustness of the image
processing algorithm.

The utilization of τi for image alignment through Taylor series expansion and Jacobian
transformation provides a novel application of geometric principles in the context of retinal
image processing. By iteratively updating the warp parameters, this technique aims to
mitigate misalignments induced by factors such as eye movement or imaging artifacts.
Moreover, the introduction of the L2,1 norm serves to address sparse adverse effects within
the retinal images, leveraging sparse regularization to effectively handle noise and outliers.
This norm contributes to the alignment of retinal images by minimizing the impact of
correlated samples and promoting consistency across the dataset. The incorporation of
the weighted nuclear norm, denoted by Lw,∗, introduces a nuanced approach to singular
value regularization, where weights are assigned to individual singular values based on
their significance in the image processing context. By assigning appropriate weights, this
technique aims to preserve important features while suppressing noise and irrelevant
variations, thereby enhancing the fidelity of the reconstructed images.

The validation of this proposed new method on two widely used public datasets
demonstrates its efficacy in real-world scenarios and provides empirical evidence of its
superiority over existing methods. The comparative evaluation highlights the potential of
this new method to significantly enhance the quality of retinal images, which is crucial for
accurate disease detection and diagnosis.

As future research, this work can be extended to incorporate truncated weighted
nuclear norm regularization for image denoising and its integration into Tensor RPCA.
By extending the proposed new method to handle more complex data structures and
incorporating additional regularization parameters, this work has the potential to enhance
the quality of the retinal image processing over the baselines.
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CLAHE Contrast Limited Adaptive Histogram Equalization
LLIEM Low Light Image Enhancement Method
RPCA Robust Principal Component Analysis
PSNRs Peak Signal-to-Noise Ratio
SSIMs Structural Similarity Index
EyeQ Eye Quality
HIEA Hybrid Image Enhancement Algorithm
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TLLR Tensor Low-Rank Representation
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Abstract: Spatial aspects of visual performance are usually evaluated through visual acuity charts
and contrast sensitivity (CS) tests. CS tests are generated by vanishing the contrast level of the
visual charts. However, the quality of retinal images can be affected by both ocular aberrations and
scattering effects and none of those factors are incorporated as parameters in visual tests in clinical
practice. We propose a new computational methodology to generate visual acuity charts affected by
ocular scattering effects. The generation of glare effects on the visual tests is reached by combining
an ocular straylight meter methodology with the Commission Internationale de l’Eclairage’s (CIE)
general disability glare formula. A new function for retinal contrast assessment is proposed, the
subjective straylight function (SSF), which provides the maximum tolerance to the perception of
straylight in an observed visual acuity test. Once the SSF is obtained, the subjective straylight index
(SSI) is defined as the area under the SSF curve. Results report the normal values of the SSI in a
population of 30 young healthy subjects (19 ± 1 years old), a peak centered at SSI = 0.46 of a normal
distribution was found. SSI was also evaluated as a function of both spatial and temporal aspects
of vision. Ocular wavefront measures revealed a statistical correlation of the SSI with defocus and
trefoil terms. In addition, the time recovery (TR) after induced total disability glare and the SSI were
related; in particular, the higher the RT, the greater the SSI value for high- and mid-contrast levels
of the visual test. No relationships were found for low contrast visual targets. To conclude, a new
computational method for retinal contrast assessment as a function of ocular straylight was proposed
as a complementary subjective test for visual function performance.

Keywords: ocular straylight; image processing; glare spread function; straylight index; visual acuity;
recovery time; ocular aberrations

1. Introduction

Visual perception is a cognitive process that starts with photoreception at the sensitive
retina that converts the electromagnetic radiation into electro-chemical impulses. Those
electric signals are received by the visual primary cortex for cognitive processing. Then,
the beginning of visual perception lies on the neural encoding of the retinal image by the
photoreceptor cells. Perception in visual function is driven by a contrast-based pathway [1].

The light entering the natural pupil of the eye is focused on the retina after refraction
through the ocular media (i.e., the cornea, crystalline lens, aqueous and vitreous humors).
Then, visual performance depends primarily on the retinal image contrast and resolution
of the spatial frequency of the observed world [2].

The importance of retinal image contrast and the resolution of a wide range of spatial
frequencies is critical in eye growth and cognitive development in children [3,4].

The operation principle of CS tests is based on contrast modulation of grating patterns
for different spatial frequencies [5]; then, the contrast sensitivity function (CSF) assesses
the ability to visualize a spatial pattern as a function of its contrast and size [6] and
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provides a powerful tool for discriminating visual impairments due to Parkinson disease [7],
Alzheimer [8] or optic neuritis [9]. In addition, the CSF shape can characterize patients
with glaucoma, cataract and age-related macular degeneration [10]. Estimating the CSF
is a time-consuming subjective clinical procedure that has been speed up over the last
years by implementing new CS test in tablet devices [6], computerized charts [11] and
computer-adaptive tools [12]. Whereas CS tests are based on the threshold measure of
contrast-modulated spatial gratings, contrast modulation procedures do not involve those
main physical factors degrading the retinal image quality.

Retinal image quality can be affected by diffraction, ocular aberrations and scattering
effects [13,14]. Whereas optical aberrations are mainly related to central vision, ocular
scattering can affect the whole visual field. In particular, forward ocular scattering gives
rise to the phenomenon of disability glare [15]. This concept lies in the dispersion that the
light entering the eye suffers towards the retina due to particles and/or inhomogeneities
of the ocular medium that gives rise to a veil of light that covers the whole retinal field.
Superimposed veiling luminance causes a loss of retinal contrast that compromises visual
performance and is known as glare [16]. Glare can be understood as the reduction in
CS and the loss of visual acuity as a result of the scattering or straylight throughout
the structures of the eye. The main straylight sources that affect vision are the ocular
media themselves (i.e., tear film, iris pigmentation, cornea, sclera, crystalline lens and the
retina) [17], aging [18], pathological conditions or external conditions such as the presence
of bright light sources that interfere with the field of vision [19].

Depending on the generated straylight (which in turn depends on the brightness of the
inrush light source and the ocular media itself), glare vision can be classified in two main
groups: discomfort and disability glare [20]. According to the International Commission
on Illumination (CIE), discomfort glare is defined as “glare that causes discomfort without
necessarily impairing the vision of objects” [21]. On the contrary, disability glare impairs
normal vision [22] without needing to cause discomfort glare.

In the last decade, the double-pass (DP) technology [23] has been applied to wide-field
optical instruments and has allowed the reconstruction of the point spread function (PSF)
of the human eye at larger angles than traditional DP systems that provide the PSF of the
visual field (<1◦) mainly affected by ocular aberrations [24].

Visual disability glare assessment should consider not only the objective measure
of the glare covering the retinal field but also the neural processing of the retinal image
affected by veiling glare (i.e., final visual perception). Over the past 50 years, many glare
tests and straylight meters have been developed under a psychophysical methodology such
as the Miller-Nadler glare instrument [25], Berkeley Glare Tester [26], brightness acuity
tester [27] or Vistech MTC-8000 [28].

Although there seems to be no well-stablished standard instrument in clinical practice
yet, the “C-Quant (Oculus, GmbH, Wetzlar, Germany)” device based on the compensation
comparison method [29] is the most studied in the literature and is commercially available.

The aim of this work was to develop a complementary computational methodology to
evaluate the subjective perception of straylight without the need for any optical instrument.
The glare spread function (GSF) is employed to generate a bidimensional kernel for image
convolution processing with visual acuity charts and then to generate visual tests affected
by veiling glare. A new metric is introduced for the subjective visual evaluation of the
spatial resolution affected by ocular straylight.

The subjective straylight function (SSF) evaluates the maximum tolerated straylight
affecting visual testing based on the subject’s visual acuity. From the SSF, a new parameter
defined as the subjective straylight index (SSI) is tested, establishing the average value
in a sample of 30 young healthy volunteers. SSI is also correlated with ocular wavefront
measures and temporal aspects of vision. The results show a relationship between SSI and
high-order aberrations and with recovery time (RT) after inducing retinal photostress.

32



J. Imaging 2024, 10, 89

2. Materials and Methods

2.1. Computational Straylight Generator: The Glare Spread Function

Straylight can be measured by the equivalence luminance generated by an external
source that causes the same visual veiling luminance perception as the bright disabling
source at a given angular distance, θ [29]. Physically, straylight can be defined as the outer
angular region (>1◦ outside the center) of the optical aberrations domain of the point spread
function (PSF) [30] and can be quantified by the straylight parameter, s [31]: s = θ2·PSF.

In the reported literature, s is specified at the glare angle θ at which the straylight is
measured and given on a logarithmic scale with normal values around log (s) = 0.9 [32,33].
The CIE adopted the standard glare observer given by the total glare equation proposed by
Vos and van den Berg [31] as:

GSF(θ) =
[

1 − 0.08 ∗
(
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70

)4
]
∗
[

9.2∗106[
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0.046 )
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]}
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(1)

where Age is the age of the observer and PF the eye pigment factor. The glare spread
function (GSF) can be easily computed as a bidimensional kernel from Equation (1) as
reported in [34]. The top row of Figure 1 shows computer-generated GSFs for different θ
values. Then, any digital image (i) with known spatial characteristics can be characterized
by its straylight (is) through a mathematical convolutional processing given by:

is = i ⊗ GSF(θ) (2)

Figure 1. Top row: (a) diffraction-limited PSF (i.e., no straylight contribution); (b) GSF for θ = 4◦;
(c) GSF for θ = 8◦. Bottom row: retinal images simulated for the PSF and GSFs shown at the upper
row (d–f).

As an example, the bottom row of Figure 1 shows an E-Snellen chart free of straylight
(Figure 1d), and the same test affected by two different θ values of the GSF operator. GSF
generation (Figure 1 top row) and image simulation (Figure 1 bottom row) were processed
using a custom script written in Matlab 2019b (the MathWorks Inc., Natick, MA, USA)
(a detailed description of the bidimensional GSF generation can be found elsewhere [34]).

2.2. Computational Straylight Detector: Straylight Index

A previous work published by our group reported a direct measurement of the wide-
angle ocular straylight from retinal images [35]. The principle of operation is summarized
as follows: The retina is illuminated by an extended bright annular ring that subtends 22◦
of the retinal field (b), the central part of the ring (a = 1.6◦ angular field) blocks the light
acting as the measurement area (See Figure 2a). Figure 2b shows a retinal image from an
artificial eye without any straylight effect. If a straylight source (corneal edema, cataracts
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or an external bright source, for instance) characterizes the PSF of the eye with intraocular
diffusion, as shown in Figure 1, the retinal image of Figure 2b is covered by a uniform veil
of light called veiling glare (Figure 1c–e), as a consequence of the increased scattered light
throughout the ocular medium.

Figure 2. Scheme of the SI principle (a); simulated retinal images affected by different SI values (b–e).
Retinal images were simulated in a straylight eye model (reported in [35]) using Zemax 13 optical
design software (Zemax OpticStudio, LCC, Arlington Capital Partners, Washington, DC, USA).

Then, the straylight index (SI) parameter can be computed for a given visual angle α,
as follows [35]:

SI =

∫ a
0 I(α)·dα∫ b
0 I(α)·dα

(3)

2.3. Straylight Index as a Measure of the Glare Spread Function

If the GSF (Equation (1)) as a function of the glare angle (θ) and the working principle of
the wide-field straylight meter [36] (Figure 2a) are combined into a convolution procedure
shown in Figure 3, any retinal image affected by the GSF (θ) can be characterized by a
numeric SI value. Figure 4 shows the computed straylight index (SI) values in simulated
retinal images affected by GSF as a function of the glare angle (θ). The numerical results
shown in Figure 4 can be fitted by the following expression:

θ = A·SI3 + B·SI2 + C·SI + D (4)

where A = 130.25, B = −85.92, C = 40.46 and D = −0.58.
Given the relationship between the SI parameter and the glare angle (θ) of the GSF, any

visual chart can be processed to be affected by straylight as shown in Figure 5. First, an SI
value is chosen and its corresponding θ is found using the Equation (3). The test image size
is then read out to generate a bidimensional kernel GSF with the same spatial resolution.
Finally, a convolutional image processing returns the test image affected by straylight.

As an example of operation, Figure 6 shows computational results obtained from the
convolutional procedure described in Figure 3. Figure 6a shows a Snellen E-letter optotype
and the same image affected by different SI values (Figure 6b–d). Veiling glare effects are
easily visible as the SI increases.
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Figure 3. Convolutional image processing to obtain the SI parameter as a function of the glare angle
(θ) of the glare spread function.

Figure 4. Numerical results of SI values obtained from computer generated retinal images affected
by straylight (i.e., characterized by the GSF (θ)).

Figure 5. Image processing procedure to generate veiling glare in any digital image quantified by
SI (θ).
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Figure 6. Examples of an E-letter optotype affected by different values of SI. Straylight-free (a) and
optotypes affected by SI = 0.1 (b), SI = 0.2 (c) and SI = 0.6 (d) values.

2.4. Subjective Straylight Function

A Sloan visual acuity chart optotype script [36] was modified to generate visual acuity
(VA) charts ranging from 0.3 to 1.2 (decimal notation). For each VA chart generated, image
convolution processing was performed to generate VA optotypes affected by straylight.
Then, a total of 10 convolutional processes were computed for each VA value (i.e., 110 VA
optotypes as a function of the SI value, all files are available in Supplementary Materials).
Figure 7 shows examples of generated optotypes for different values of VA and SI.

Figure 7. Visual acuity charts for different values of visual acuity and straylight index. Straylight-free
VA charts (a,d) and for SI = 0.5 (b,e) and SI = 1.0 (c,f) values.

The subjective straylight function (SSF) is given by the maximum tolerated SI value for
each VA Sloan chart. The subjective straylight index (SSI) is then defined as the area under
the SSF. The larger the area under the SSF, the better the tolerance of the visual system
to preserve contrast sensitivity when ocular straylight veils the retinal field. SSI can be
computed as:

SSI =
∫ VAmax

VAmin

SSF·d(VA) (5)

Here, VAmin = 0.3 and VAmax = 1.2.
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2.5. Subjects

Thirty young adult subjects (19 ± 1 years old) participated in this study. Participants
with ocular pathologies, visual impairment or uncorrected refractive errors were excluded
from the sample. All of them were asked to use their optometric correction (i.e., wear
contact lenses or spectacles) during the visual test.

2.6. Wavefront Aberrometry

Ocular aberrometry was measured using a laser ray tracing system (iTrace, Tracey
Technologies, Houston, TX, USA). A total of 24 Zernike terms were calculated for a pupil
size of 6 mm (diameter). Root-mean-square (RMS) values for total low- and high-order
aberrations (LOA and HOA, respectively) as well as defocus, spherical aberration, coma
and trefoil terms were obtained monocularly (right eye) for each subject.

2.7. Time Recovery from Total Disability Glare

An optical disability glare instrument [37] was employed to measure the recovery
time after retinal photostress for different levels of Michelson contrast of the visual target:
100%, 50%, 25%, 10% and 5%. Briefly, the experimental procedure consisted in perceiving
(monocularly) the visual test with the given contrast sensitivity, and then total disability
glare (i.e., retinal photobleaching) was induced by triggering a bright glare source during
a short exposure time of 240 milliseconds (a detailed description of the instrument and
measurements’ protocol can be found elsewhere [37]). As mentioned in the Introduction,
disability glare can range between two main stages from normal vision: discomfort glare
and total disability glare. Figure 8a depicts the time course of disability glare after retinal
photostress induced by a dazzling light. At the moment of flashing, the straylight causes
retinal veiling glare which makes it impossible to discriminate any spatial frequency pattern
(i.e., temporal blindness). Before recovering normal vision (baseline), the visual system
goes through the intermediate regime between total disability glare and normal vision:
discomfort glare. The time required to return to baseline (recovery time, RT) is the clinical
parameter used by the disability glare instrument. For a sense of completeness, Figure 8b
shows retinal image simulations for a visual target display at different levels of Michelson
contrast and how contrast sensitivity degrades as straylight increases. Retinal images were
generated by optical simulation on a previously reported straylight eye model [35].

Figure 8. Temporal phases of disability glare vision after flash-lighting until baseline vision is
recovered (a); simulated retinal images as a function of the contrast of the visual target and ocular
straylight (b). Blue bar corresponds to normal vision; green and orange to medium and high straylight
in discomfort glare regime and finally red bar corresponds to a severe degree of straylight in disability
glare vision.

2.8. Image Processing, Data Analysis and Statistics

GSF kernel generation image convolution and VA optotypes’ algorithms for the
SSF and SSI evaluation (see available files in Supplementary Material) were custom-
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programmed using Matlab2019b (the MathWorks Inc., Natick, MA, USA). The statistical
analysis consisted of the Pearson correlation coefficient to establish significant correlation
between the SSI parameter and the data of the aberrometric and visual temporal aspects.
Graphical representation and statistics were performed in Origin Lab software (OriginPro
2024, Origin Lab Corp., Northampton, MA, USA). Optical simulations were implemented
in Zemax optical design software (Zemax OpticStudio, LCC, Arlington Capital Partners,
Washington, DC, USA).

3. Results

3.1. Subjective Straylight Index in Young Healthy Subjects

SSI values calculated from the 30 subjects ranged from 0.365 to 0.680. Figure 9 shows
the histogram representation of the SSI (for four intervals), which is normally distributed
with an asymmetric gaussian shape (R2 = 0.82). The gaussian peak was found at a value of
SSI = 0.46.

Figure 9. Histogram representation of the SSI value for all participants. A gaussian fit (R2 = 0.82)
was found with a peak centered at SSI = 0.46.

Figure 10 compares the SSF for two different subjects with extreme SSI values of the
Gaussian distribution shown in Figure 10 above. The SSF curves showed similar behavior
for the range between VA values of 0.3 and 0.6. However, starting from a VA higher than
0.6, the SSI values decreased drastically, while the subject with SSI = 0.63 remained with
a relatively constant tolerance to induced straylight in the optotypes shown. According
to the data, the higher the SSI value, the greater the area under the SSF curve, which may
translate into the visual system’s ability to preserve contrast sensitivity in the presence of
external straylight sources.

Figure 10. SSFs for two subjects with different SSI values.
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3.2. Effect of SSI on the Spatial Resolution of the Eye: Ocular Wavefront

The influence of straylight on spatial vision is well reported, and as a relevant aspect,
its capability as a predictor of visual performance in night-driving conditions [38] or as
an indicator of cataract surgery [39]. This section studies how the SSI can be affected by
ocular aberrations and then the influence of the eye optics on the final visual perception
of veiling glare. Table 1 shows the averaged root-mean-square (RMS) values for low-
and high-order aberrations and for the specific low-order defocus and high-order coma,
spherical aberration and trefoil terms.

Table 1. RMS values for low (LOA) and high-order aberrations (HOA) and for defocus, coma,
spherical aberration (spherical ab.) and trefoil. The asterisk marks those terms for which statistical
correlations with SSI were found.

RMS LOA RMS HOA Defocus * Coma Spherical Ab. Trefoil *

1.82 ± 1.50 0.44 ± 0.59 −1.29 ± 1.73 0.25 ± 0.40 0.01 ± 0.33 0.18 ± 0.14

Figure 11 shows the SSI values as a function of low (Figure 11a) and high-order terms
(Figure 11b). A statistical analysis revealed a significant dependence of the SSI parameter
on defocus (R2 = 0.39, p = 0.03) and trefoil (R2 = 0.46, p = 0.012).

Figure 11. SSI as a function of defocus (a) and trefoil (b) terms. The red lines correspond to the
linear statistical correlations of SSI with both defocus (R2 = 0.39, p = 0.03) and trefoil (R2 = 0.46,
p = 0.012) terms.

On the one hand, these results corroborate the evident impact of optical blur on visual
spatial resolution but under the influence of glare effects. In addition, the modulation of
ocular trefoil appears to play an important role in visual tolerance to straylight.

3.3. Effect of SSI on Visual Contrast Sensitivity Recovery Time

A photostress measure was carried out for each volunteer as a function of the Michel-
son contrast of the visual target. No significant relationships were found between SSI and
recovery time (RT) for low contrast levels (i.e., for 25%, 10% and 5% Michelson contrast val-
ues). However, for medium and high contrast levels, the RT from disability glare depended
on the subject’s SSF. Figure 12 shows the correlations found between SSI and RT after total
induced disability glare. The average RTs for 100% and 50% contrast levels were 4.41 and
4.38 s, respectively; these small differences were not statistically significant (p = 0.982).

39



J. Imaging 2024, 10, 89

Figure 12. SSI as a function of RT for 100% (a) and for 50% visual test contrast levels (b). Blue lines
correspond to linear statistical correlations.

4. Discussion and Conclusions

We developed a new methodology for computational modelling of ocular straylight
in visual acuity tests using convolutional image processing. The CIE disability glare
formula [31] and direct straylight meter methodology [35] were combined to generate and
measure the effects of veiling glare on visual perception. The generation of straylight in
visual tests was performed by convolving the images (veiling glare) with the glare spread
function [34] based on the Straylight Index [35].

Visual acuity was assessed in 30 healthy young subjects as a function of the induced SI.
The subjective measure of the maximum resolved SI value for each value of VA provides
the Subjective Straylight Function (SSF) that addresses the neural and optical attenuation
thresholds of VA due to ocular straylight effects. The area under the SSF curve is defined
as the Subjective straylight index (SSI).

The SSI parameter was tested in a young population and showed a normal distribution
with a peak centered at SSI = 0.46. Once the normal value was established, the influence of
the spatial and temporal aspects of vision on SSI was analyzed.

Wavefront aberrometry and RT after induced total disability glare were measured and
correlated with SSI. LOA played a role in SSF and in particular the SSI value was found to
be negatively correlated with the defocus term, similar to the degradation found in edge
contrast sensitivity (CS) due to optical blur [40].

Fernández-Sanchez et al. [41] investigated the effect of high-order aberrations on
human vision; they found relationships between visual CS with coma and third-order
trefoil terms. In particular, they found a significant reduction in CS with induced coma and
trefoil values of around (or more than) 1.03 and 0.96 μm, respectively. In agreement with
their results, our findings revealed a negative statistical correlation between SSI and trefoil
values (mean values 0.18 ± 0.14 μm); however, no relationship was found between SSI and
coma, probably due to the relatively low values and mean of our sample (0.25 ± 0.40 μm).

Finally, it has been reported that RT after induced total disability glare is significantly
increased in myopic eyes [42]. Our finding revealed a significant correlation between RT
and SSI values for high (100%) and medium (50%) Michelson contrast levels of visual
targets. However, SSI was independent of RT for low levels of visual target contrast.

To conclude, a new computational visual test was proposed for the evaluation of
retinal contrast based on ocular straylight. VA charts characterized by the straylight index
allowed us to define the SSF and the SSI parameter as a neuro-optical measure of visual
perception under glare vision conditions. The SSI depends not only on optical blur (defocus)
but also on high-order aberrations (trefoil). Furthermore, higher SSI values are related to
longer recovery times after retinal photostress for high and medium contrast levels.

Future work will include a clinical study in patients affected by ocular straylight
sources and the incorporation into the visual computational method of a functionality for
the modulation of ocular aberrations in combination with straylight effects.
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Supplementary Materials: The visual acuity charts based on SI to obtain the SSF can be found in
this repository: https://github.com/favilago/SSI (accessed on 9 April 2024).
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Abstract: Background: Retinal texture has gained momentum as a source of biomarkers of neurode-
generation, as it is sensitive to subtle differences in the central nervous system from texture analysis of
the neuroretina. Sex differences in the retina structure, as detected by layer thickness measurements
from optical coherence tomography (OCT) data, have been discussed in the literature. However, the
effect of sex on retinal interocular differences in healthy adults has been overlooked and remains
largely unreported. Methods: We computed mean value fundus images for the neuroretina layers as
imaged by OCT of healthy individuals. Texture metrics were obtained from these images to assess
whether women and men have the same retina texture characteristics in both eyes. Texture features
were tested for group mean differences between the right and left eye. Results: Corrected texture
differences exist only in the female group. Conclusions: This work illustrates that the differences
between the right and left eyes manifest differently in females and males. This further supports the
need for tight control and minute analysis in studies where interocular asymmetry may be used as a
disease biomarker, and the potential of texture analysis applied to OCT imaging to spot differences in
the retina.

Keywords: texture analysis; neuroretina; central nervous system; sex differences; interocular
asymmetry; optical coherence tomography

1. Introduction

In light of the thoroughly researched relationship between the eye and the brain [1–4],
sex differences in brain size have been hypothesised [5] to be associated with reports
of sexual dimorphism in visual perception. Interestingly, lateral hemisphere activation
during visual perception tasks was found to be independent of sex, handedness, and ocular
dominance [6], the latter being associated with interocular retinal thickness asymmetries [7].

The difference between the right and left eyes of the same individual is a phenomenon
of interest where retinal biomarkers are concerned. The difference between the two eyes is
a key factor to consider when interpreting retinal thickness values in ocular disorders such
as glaucoma [8,9], particularly in its early stages, when both eyes still yield measurements
within normative values.

When it comes to the healthy population, a certain degree of retinal thickness sym-
metry is often assumed. While some studies confirm this symmetry assumption [8,10],
others report statistically significant differences between healthy individuals’ right and
left eyes [9,11]. Notably, Jacobsen et al. [12] found a slight age and sex effect on retinal
thickness interocular differences but advised caution in considering the magnitude of such
an effect. Furthermore, a few studies in pediatric subjects have reported no sex effects on
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interocular thickness symmetry [13–15]. Overall, sex remains largely overlooked when
comparing right and left eyes in healthy adults.

The literature on sex differences found in retinal structure is focused mostly around single-
layer or full retina thickness, as measured by optical coherence tomography (OCT) [10,16–19].
OCT is a non-invasive imaging technique used for the visualization of the microstructure
of various biological tissues in vivo and in situ. In clinical settings, OCT imaging plays
an important role in the diagnosis of ocular disorders. Furthermore, this medical imaging
technique is increasingly employed in neuroimaging research, where the potential of using
the retina as a window to the brain [1–4] for the diagnosis of neurodegenerative disorders
such as Alzheimer’s disease [20,21], Parkinson’s disease [22,23], and multiple sclerosis [24,25],
is being explored.

Several OCT-based studies have reported differences in retinal thickness between women
and men. Men are often reported to have thicker retinas than women [10,16,17], although
some conflicting results have been found [8,17]. In their study, Ooto and Yoshimura [18]
hypothesised that the increased retinal thickness in men might be associated with a relatively
larger eye size. On the other hand, Delori et al. [19] discusses how sex differences in the
shape and size of the fovea may affect thickness measurements. However, non-anatomical
factors may play an even larger role in the sexual dimorphism of the human retina. The
relationship between various retinopathies and gonadal hormones has been addressed, as
in [26,27], where the authors highlighted the role of sex hormones on the pathophysiology of
ocular disorders, such as age-related macular degeneration and diabetic retinopathy. Despite
the possible connection between gonadal hormones and the health/disease status of the retina,
the intricate interplay between sex and vision both in healthy individuals and across different
disease processes [5] suggests that observed sex differences in the retina cannot be attributed
to a single mechanism [28].

Ultimately, studying the differences between the right and left eyes in the healthy
population helps determine the normal demographic variations, allowing pathological
deviations to be correctly identified. Indeed, for some disorders, interocular asymmetries
have been used as a biomarker of disease [29,30]. Although thickness measurements
are usually the metric of choice, interocular differences have also been identified in non-
thickness measurements, such as vessel diameter [11]. Another example is the topography
of the foveal centre mosaic, where a slight sex asymmetry was found [31].

In recent years, the use of yet another type of information–image texture–from OCT
data has been introduced [32,33]. Texture plays an important role in identifying objects
and understanding complex scenes [34,35]. The concept of image or visual texture is
challenging to define, and different definitions have been proposed in the literature. A
generally agreed-upon description for image texture defines it as the spatial arrangement
of an image’s pixels’ grey-level/intensity/brightness values or colour [36–38].

Texture analysis is thus an umbrella term encompassing different approaches aimed
at quantifying or describing the spatial distribution of grey levels or colour within an
image. The field of texture analysis has been gaining momentum as a source of valuable
biomarkers for neurodegeneration. The use of texture-based methods as a tool to assess
the central nervous system (CNS) status from medical neuroimaging data is based on the
premise that medical images contain a quantifiable texture “signature” [37] that is specific
to a particular biological process or state, be it healthy (normal) or pathological. Where
retinal OCT imaging is concerned, texture analysis methods have been employed to explore
structural alterations resulting from specific ophthalmological (e.g., glaucoma [32]) and
neurodegenerative disorders (e.g., Alzheimer’s disease and Parkinson’s disease [33], and
multiple sclerosis [24,25]), and to characterise the healthy (normal) ageing process [39].

Out of the wide variety of texture-based methods available, the grey-level co-occurrence
matrix (GLCM) method stands out for its popularity and broad applicability. This method
was first proposed by Haralick et al. [36] in 1973. Despite its early development, it re-
mains, to this day, a benchmark method in comparative studies that employ texture
ensemble approaches.
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The GLCM texture analysis method starts by computing one or more co-occurrence
matrices from the images under study. In a co-occurrence matrix, pairs of grey-level values
of image pixels with a specific spatial relationship (e.g., two adjacent pixels in the horizontal
direction) are tabulated. Typically, four different matrices are computed for the same inter-
pixel distance, corresponding to four different pixel pair orientations: 0◦, 45◦, 90◦, and 135◦.
Texture features are then computed from these matrices to characterise the local grey-level
variations within the image.

We propose using texture metrics derived from the GLCM to assess the sex effect
on interocular differences in the healthy population, as texture-based methods can detect
discrepancies in the retina that are not conveyed by thickness measurements [24,25,32,33].

In this study, we investigate the differences in texture of the neuroretina between
healthy individuals’ right and left eyes. More specifically, we demonstrate how interocular
differences manifest differently in men and women, as quantified by retinal GLCM-based
texture features. Furthermore, focusing specifically on the six layers of the neuroretina,
these variations highlight sex differences in the CNS.

2. Materials and Methods

All image processing and statistical analysis were performed using Matlab R2022a (The
MathWorks Inc., Natick, MA, USA) running on a Ubuntu operating system desktop computer.

2.1. Data Collection

The data were gathered from the authors’ institutional database. The studies from
which data were collected were approved by the Faculty of Medicine of the University of
Coimbra Ethics Committee, performed according to the tenets laid out in the Declaration of
Helsinki [40], and informed consents were obtained from all participants. All data herein
were anonymized.

Both eyes of 98 age-matched and sex-balanced healthy controls with no known retinal
pathology were imaged by Cirrus HD-OCT 5000 (Carl Zeiss Meditec, Dublin, CA, USA)
scanner, using the 512 × 128 macular cube protocol centred on the macula. The same
operator performed all acquisitions. All participants had normal visual acuity (≥0.8 in
each eye), a sphere between ±5 diopters, and a cylinder between ±3 diopters. None of the
participants had a medical history of ophthalmological, neurological, or other systemic
diseases. For more details on group demographics, please refer to Table 1.

Table 1. Demographic data.

Female Male

N 49 49
Age (years): mean(std) 42.5(16.3) 42.0(16.0)
Age (years): min(max) 19(74) 20(74)

Right (left) eyes 49(49) 49(49)
Total acquisitions 98 98

2.2. Image Processing

The OCT Explorer software (Retinal Image Analysis Lab, Iowa Institute for Biomedical
Imaging, Iowa City, IA, USA) [41–43] was used to segment the six layers of the neuroretina:
the retinal nerve fibre layer (RNFL), the ganglion cell layer (GCL), the inner plexiform layer
(IPL), the inner nuclear layer (INL), the outer plexiform layer (OPL), and the outer nuclear
layer (ONL).

A 2D mean value fundus (MVF) reference image for each of the six neuroretina layers
was computed from the 3D OCT data of each eye scan, following the approach in [44]. In
this image, each pixel is the depth-wise average of the A-scan values located between the
two retinal layer interfaces that delineate the layer of interest (see Figures 1 and 2).
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Figure 1. Representation of a mean value fundus image (MVF) computed for the outer nuclear layer
(ONL) of the right eye of a 54-year-old female participant regarding the optical coherence tomography
volumetric data acquired. These images are shown for reference purposes only; the MVF image
projection was intensity-corrected for ease of visualisation.

Figure 2. An optical coherence tomography volume (left) is shown with interfaces displayed in
colour, e.g., the interface vitreous-retina in blue. Pseudo-colour fundus images are (right) shown
for retinal layers of the right eye of a 54-year-old female participant: the retinal nerve fibre layer
(RNFL), the ganglion cell layer (GCL), the inner plexiform layer (IPL), the inner nuclear layer (INL),
the outer plexiform layer (OPL), and the outer nuclear layer (ONL). Pseudo-colour is used for the
ease of visualisation only.

MVF images of left eyes were flipped horizontally so that the temporal and nasal
regions were consistent across all eye scans. This ensures that comparative analysis of the
computed texture features considers metrics originating from the same relative position
across eyes (see Figure 3).

2.3. Texture Analysis

In this work, GLCM-based texture features were computed for each of six neuroretina
MVF images, following the previously used approach of [33,39]. The computation of
texture metrics from fundus reference images is a unique approach to OCT data analysis–
one that is significantly distinct from the traditional approach of measuring the thickness
of the retina (or that of specific retinal layers). A prior study [33] showed that texture-based
metrics computed from retinal MVF images are not simply a surrogate for OCT thickness
measurements. It was also discussed how these texture-based features could arguably
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be more discriminative than retinal thickness measurements, as they are able to capture
multivariate information; thickness-based measurements, on the other hand, only allow for
univariate comparisons.

  
(a)  (b) 

Figure 3. Example of the mean value fundus (MVF) images computed for the outer nuclear layer of a
54-year-old female participant: (a) the right eye; and (b) the left eye, flipped to match the regions
of the right eye. S, T, N, and I stand for the eye’s superior, temporal, nasal, and inferior regions,
respectively. These images are shown for reference purposes only; they were intensity-corrected and
pseudo-colour-coded for ease of visualisation.

The MVF images, originally of 512 × 128 pixels, were first down-sampled to 128 × 128
to obtain isotropic sampling in both the horizontal and vertical directions. These images
were also converted to 16 grey levels to reduce the size of the GLCM matrices.

Similar to our prior works [33,39], the down-sampled images were split into 7 × 7 non-
overlapping blocks (block size: 18 pixels in both directions), which were independently
analyzed. In each image, the central (4th) row and column of the 49-block grid square were
discarded from the analysis to exclude the image region corresponding to the fovea, where
some of the six retinal layers examined are reduced or inexistent (see Figure 4).

For each of the remaining 36 blocks on each image, four GLCMs were computed for
the pixel-pair orientations of 0◦, 45◦, 90◦, and 135◦, with angles 180◦ apart considered the
same, e.g., the pixel-pairs (i, j)/(i, j + d) and (i, j)/(i, j − d), corresponding to the angles 0◦
and 180◦, respectively, are considered to contribute to the same angle (0◦). All matrices
were computed for a pixel distance of one (d = 1).

For each block and pixel-pair orientation, 21 features were computed: (1) Autocorrela-
tion, (2) Cluster Prominence, (3) Cluster Shade, (4) Contrast, (5) Correlation, (6) Difference
Entropy, (7) Difference Variance, (8) Dissimilarity, (9) Energy, (10) Entropy, (11) Homo-
geneity, (12) Information Measure of Correlation 1 (IMC1), (13) Information Measure of
Correlation 2 (IMC2), (14) Inverse Difference, (15) Inverse Difference Moment Normalised
(IDMN), (16) Inverse Difference Normalized (IDN), (17) Maximum Probability, (18) Sum
Average, (19) Sum Entropy, (20) Sum of Squares–Variance (SSV), and (21) Sum Variance.
The definition of the texture features (1) to (3), (8), (10), and (17) can be found in [45], feature
(14) in [46], and the remaining features in [36]—except features (15) and (16), which are
simply normalized versions of features (11) and (14), respectively.

The maximum value across the four orientations for each feature in a given block
was selected as the sole feature value for the block. Blocks were then aggregated into
four groups of 3 × 3, corresponding to the temporal-superior (Q1), nasal-superior (Q2),
temporal-inferior (Q3), and nasal-inferior (Q4) quadrants. Finally, the average value of each
feature per retinal quadrant was used as the feature value for the quadrant. This resulted in
a total of 504 texture features (21 GLCM features × 6 layers × 4 quadrants) being computed
for each eye.
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Figure 4. Computed mean value fundus image of the outer nuclear layer of the right eye of a 54-
year old female participant. Each of the 7 × 7 blocks show the individually analysed areas which
results were later aggregated into larger regions (shaded areas). Image axes are: x-axis (horizontal)—
temporal (left) to nasal (right) and y-axis (vertical)—superior (top) to inferior (bottom).

2.4. Statistical Analysis

The computed texture features were tested for group mean differences between female
and male participants’ right (OD) and left (OS) eyes. A pairwise correlation analysis was
first performed to exclude similar features.

Each feature was correlated (Pearson correlation) with all other features of the same
eye and group (female OD and female OS; male OD and male OS). First, all feature pairs
with a correlation coefficient |r|≥ 0.5 in both the right (rOD) and the left (rOS) eyes were
identified separately for the female and male groups. Given the list of correlated features,
they were then ordered by the decreasing number (n) of correlations with other features
for which |r|≥ 0.5 . In the case of a draw with respect to n, the largest sum of explained
variance, given by ∑n

i=1 r2
OD,i + r2

OS, i, was considered. Features were selected following this
sorted list, while all their correlated features (|r|≥ 0.5) were discarded. This process was
repeated until two subsets of texture features (one for the female and the other for the male
group) were obtained, where all pairwise correlation coefficients satisfied −0.5 < r < 0.5.

Each non-correlated feature was first tested for normality within the same eye and
group. The Shapiro–Wilk test was used at a 10% significance level for a more conservative
normality decision. If the feature presented a normal distribution for both the right- and
the left-eye groups, a paired-sample t-test was used to assess the group mean differences;
otherwise, a Wilcoxon signed rank test was applied.

Due to the large number of independent tests performed, we considered three correc-
tions for multiple comparisons: Bonferroni, Benjamini–Hochberg, and the False Discovery
Rate (FDR), as proposed by Storey [47].

3. Results

3.1. Pairwise Correlations

Out of 504 texture features, 146 (29.0%) and 148 (29.4%) were found to be non-
correlated for the female and male groups, respectively. These features are listed in an
additional file (see Supplementary Table S1).
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3.2. Normality Testing

For female participants, a non-parametric test was applied to 73 out of 146 non-
correlated texture features (50.0%), while for male participants, it was applied to 74 out of
148 features (50.0%).

3.3. Hypothesis Testing

Of the 146 non-correlated texture features in the female group, 21 (14.4%) present
statistical differences (p < 0.05 for each test) between the right and left eyes (left side
of Figure 5). Seven (33.3%) of these 21 features are distributed in Q3, and 9 (42.9%) in
Q4. Layer-wise, the GCL and IPL gather the highest number of differences: 6 (28.6%)
and 4 (19.1%) features, respectively. Of the 21 features, two stand out: Energy (IPL/Q4)
and Entropy (IPL/Q4), as they present results with a p-value < 0.001. In addition, six
distinct features show a spread-out effect across different layers and quadrants of the retina:
Dissimilarity (RNFL/Q4 and OPL/Q4), SSV(GCL/Q2 and IPL/Q1), Entropy (GCL/Q2,
IPL/Q4, and OPL/ Q2), IMC2 (GCL/Q3 and INL/Q4), Difference Variance (GCL/Q3 and
ONL/Q3), and IMC1 (INL/Q4 and OPL/Q3).

Figure 5. Texture features under study, for the female (left) and male (right) groups, for the retinal
nerve fibre layer (RNFL), the ganglion cell layer (GCL), the inner plexiform layer (IPL), the inner nuclear
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layer (INL), the outer plexiform layer (OPL), and the outer nuclear layer (ONL). Q1 stands for the
superior-temporal quadrant, Q2 stands for the superior-nasal quadrant, Q3 stands for the inferior-
temporal quadrant, and Q4 stands for the inferior-nasal quadrant. In the features IMC1 and IMC2,
IMC stands for Information Measure of Correlation; IDMN stands for Inverse Difference Moment
Normalised; IDN stands for Inverse Difference Normalised, and SSV stands for Sum of Squares–
Variance. The grey-coloured cells indicate features that can be disregarded (for they are correlated to
other features). The colour-filled cells indicate non-correlated texture features with a p-value < 0.05
(significant difference). In contrast, the white/empty cells represent the non-correlated features with
a p-value ≥ 0.05 (non-significant difference).

Only two (1.4%) out of the 148 non-correlated texture features in the male group
show statistical differences (right side of Figure 5): Autocorrelation (INL/Q3) and SSV
(ONL/Q1).

3.4. Multiple Comparison Corrections

When correcting the pairwise tests using the Bonferroni and the Benjamini–Hochberg
correction, two statistically significant results are found in the female group: the Energy
(IPL/Q4) and Entropy (IPL/Q4). No significant differences were found for the male group.

Using Storey’s [47] method, the FDR was estimated to be ˆFDRF = 13.8% (female
group) and ˆFDRM = 100% (male group). By calculating the q-values [47] and consider-
ing a 5% cut-off, six statistically significant differences (see Figure 6 for sample distribu-
tions) can be found in the female group (out of the 21 non-correlated features, i.e., 28.6%):
(1) Contrast (RNFL/Q3), (2) Inverse Difference (RNFL/Q3), (3) Energy (IPL/Q4), (4)
Entropy (IPL/Q4), (5) Sum Entropy (IPL/Q4), and (6) IMC2 (INL/Q4). No significant
differences were found for the male group.

Figure 6. Kernel density estimation of the inter-eye differences for six features presenting differences
between the left and right eye for women, but not for men. These features yield the most significant
texture differences in the female group, even after Storey’s multiple comparisons correction. Features
are: F1—Entropy (IPL/Q4); F2—Energy (IPL/Q4); F3—Contrast (RNFL/Q3); F4—Sum Entropy
(IPL/Q4); F5—Inverse Difference (RNFL/Q3); and F6—IMC2 (INL/Q4). Features are ordered by
increasing p-value, as per the female group analysis. The thick black line marks the zero.

The number of statistically significant texture features in the female and male groups,
before and after the three multiple comparisons correction methods were applied, are
summarised in Table 2.

Table 2. Number of statistically significant texture features before and after correcting for multiple
comparisons.

Females Males

Non-corrected results 21 2
Bonferroni 2 0
Benjamini-Hochberg 2 0
False Discovery Rate 6 0
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Initial uncorrected results showed that interocular retinal texture asymmetries were
mainly present in women and showed a larger effect size than in men. After correcting for
multiple comparisons, all three correction methods revealed that interocular texture differ-
ences were, in fact, only present in the female group, while the eyes of men were similar.

4. Discussion

The present work focuses on sex differences between the right and left eye in healthy
adults, as identified by neuroretina tissue texture analysis. The decision to specifically
address sex differences was informed by our previous work [39], in which texture features
revealed statistically significant differences between the retinas of the two sexes. Further-
more, texture features computed from the retina have been shown to be able to inform
about the CNS status in different neurodegenerative disorders [24,25,33].

The rationale behind the analysis of these texture features is that each conveys quanti-
tative information on the arrangement of the retina. Although a single texture feature, on
its own, does not translate into a meaningful interpretation per participant/eye scan, we
can quantify statistical differences between groups by combining several of these features.

The hypothesis tests performed illustrate a clear pattern of significant differences
between the two eyes in the female group, with texture differences spreading across all six
layers of the neuroretina. In contrast, only a few significant differences were found in the
male group.

However, one must correct the pairwise tests due to the high number of comparisons.
Considering the Benjamini–Hochberg correction, one finds the higher k, such that

∼
pk <

kα
m ,

where
∼
pk are the ascending sorted p-values pk. Both this correction and the highly conserva-

tive Bonferroni method resulted in no statistically significant differences in the male group
and two in the female group.

We also considered the correction by FDR introduced by Storey [47], which is regarded
as the most robust method of the three herein. In this approach, one starts by estimating
the FDR in each group, resulting in the estimates F̂DRF = 13.8% and F̂DRM = 100%.
Although both estimates are above the desired 5%, it is clear that in the female group, the
F̂DRF is closer to the desired 5% than the F̂DRM, which is much larger. This indicates
that some of the 21 significant differences (p < 0.05) found in the female group are indeed
statistically significant.

In contrast, all the significant differences found in the male group are false positives.
This conjecture is confirmed by calculating the q-values in both cases and considering a 5%
cut-off, which results in six significant differences in the female group (from the 21 pairwise
ones) and none in the male group. This way, the corrected results confirm that texture
differences are found only in the female group.

To the authors’ knowledge, the literature regarding the differences between the right
and left eyes is mainly based on thickness assessments, and sex differences are seldom
investigated in the healthy adult population—apart from [12], where a slight sex- and
age-effect on retinal differences between the right and left eyes was reported.

The strong point of this study is the reporting of a previously undocumented difference
between women and men, which offers a unique contribution to determining normative
sex differences. Texture metrics appear to be sensitive to these differences while raising the
question of why such differences occur, how they might vary over the lifespan, and any
potential evolutive advantage. A limitation of the present study is the absence of a stratified
analysis per age group. However, such an analysis could not be performed because a
reduced sample size in the study would negatively impact the statistical robustness of the
reported results.

This work highlights the potential of texture analysis to spot differences in the retina.
Our findings suggest that special care should be taken when designing research protocols
that assess retina differences, particularly when texture-based assessments are involved.
On the one hand, the participant groups being compared should be sex-balanced—a good
practice that was shown to be relevant in vision research [28]. On the other hand, beyond
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accounting for sex differences, studies should also control the interocular discrepancies
that may be present in healthy individuals and patients diagnosed with ophthalmological
or neurodegenerative disorders.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jimaging10010006/s1, Table S1: Non-correlated texture features
in the female and male groups, sorted by increasing p-value.
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Abstract: Retinal imaging is a non-invasive technique used to scan the back of the eye, enabling the
extraction of potential biomarkers like the artery and vein ratio (AVR). This ratio is known for its
association with various diseases, such as hypertensive retinopathy (HR) or diabetic retinopathy,
and is crucial in assessing retinal health. HR refers to the morphological changes in retinal vessels
caused by persistent high blood pressure. Timely identification of these alterations is crucial for
preventing blindness and reducing the risk of stroke-related fatalities. The main objective of this
paper is to propose a new method for assessing one of the morphological changes in the fundus
through morphometric analysis of retinal images. The proposed method in this paper introduces a
novel approach called the arteriovenous length ratio (AVLR), which has not been utilized in previous
studies. Unlike commonly used measures such as the arteriovenous width ratio or tortuosity, AVLR
focuses on assessing the relative length of arteries and veins in the retinal vasculature. The initial step
involves segmenting the retinal blood vessels and distinguishing between arteries and veins; AVLR
is calculated based on artery and vein caliber measurements for both eyes. Nine equations are used,
and the length of both arteries and veins is measured in the region of interest (ROI) covering the optic
disc for each eye. Using the AV-Classification dataset, the efficiency of the iterative AVLR assessment
is evalutaed. The results show that the proposed approach performs better than the existing methods.
By introducing AVLR as a diagnostic feature, this paper contributes to advancing retinal imaging
analysis. It provides a valuable tool for the timely diagnosis of HR and other eye-related conditions
and represents a novel diagnostic-feature-based method that can be integrated to serve as a clinical
decision support system.
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1. Introduction

Various morphological abnormalities in the retinal vasculature, such as increased
artery tortuosity, altered arteriovenous width and ratio (AVR), arteriovenous (AV) nicking,
and the onset of macular edema in severe cases, characterize hypertensive retinopathy
(HR) [1] and diabetic retinopathy [2]. These abnormalities can lead to reduced visual
acuity and an increased risk of stroke later in life, suggesting inflammation in the retinal
vasculature. To avoid issues like stroke, visual loss, and cardiovascular disease, it is
essential to diagnose and treat HR promptly [1,3,4].

Current ophthalmology practices involve using fundus cameras and computerized
images to analyze morphometric changes in retinal blood vessels for identifying and grad-
ing HR. However, early HR symptoms can be subtle and challenging to detect, leading
to delays in diagnosis and complicating treatment [1,3,4]. Therefore, encouraging hyper-
tensive patients to undergo regular follow-ups with ophthalmologists is crucial to halt
the progression of retinopathy and prevent potential stroke or other severe outcomes.
Developing an automated system capable of evaluating morphometric alterations in blood
vessels for HR diagnosis is essential to aid in efficient treatment.

This paper introduces a novel approach called the arteriovenous length ratio (AVLR),
which has not been utilized in previous studies, to address the morphological abnormalities
caused by hypertensive retinopathy (HR) in the retinal vasculature or which could also
be used to observe the morphological changes caused by diabetic retinopathy. Unlike
commonly used measures such as the arteriovenous width ratio or tortuosity, AVLR
focuses on assessing the relative length of arteries and veins. By harnessing deep learning
techniques, this innovative method accurately quantifies the proposed AVLR, providing
a unique perspective on the morphological changes associated with HR. Additionally,
the proposed approach incorporates the analysis of vascular tortuosity and utilizes a
combination of nine length feature measurements. The algorithm is trained on the AV-
Classification dataset [5], consisting of 504 retinal images meticulously annotated at the
pixel level for vascular segmentation, artery/vein classification, and optic disc localization.
The dataset also includes image-level labels provided by ophthalmologists for vascular
tortuosity indices and HR grading. This automated approach to measuring this feature
holds great promise in efficiently diagnosing and grading HR, enabling timely treatment
and improving patient outcomes.

The main contributions of this research work are listed below:

1. We propose a unique automated method that combines vascular tortuosity assessment
with AVLR analysis, which could be used to detect and grade HR. Since this is a novel
approach and is not present in existing medical literature, our study represents a
substantial development in the area.

2. We provide a novel iterative approach to compute the AVLR inside the ROI (region of
interest) around the optic disc using vessel caliber data. This technique improves the
AVLR assessment’s precision and dependability.

3. In the assessment of vessel AVLR, we employ a unique combination of nine features,
which helps with accurately quantifying the severity of AVLR and effectively mini-
mizing the subjectivity and variability associated with manual assessments conducted
by ophthalmologists.

4. The AV-Classification dataset has been expanded with new labels for AVLR met-
rics, creating the AV-Classification dataset extension. This extension includes vessel
segments and image-level AVLR metrics, quantified using the proposed methodology.
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The rest of this paper is organized as follows: Section 2 elaborates on the fundus
image processing steps related to this research. Then, Section 3 presents the used material,
performance measures, and the proposed method. The results, the newly prepared dataset,
and the extension are explained in Section 4.7, followed by discussions in Section 4.5.4 and
conclusions in Section 5.

2. Related Work

The evaluation of retinal vascular morphology has been studied as a means to quantify
biomarkers for ocular diseases. Two key quantitative measures that have been investigated
are the arteriovenous width ratio (AVR) and the arteriovenous tortuosity index. Accurately
measuring these metrics requires robust vessel segmentation and classification [6].

For AVR analysis, several semi-automated approaches relying on manual input have
been explored. Akbar et al. calculated AVR from manually labeled vessels [7], demonstrat-
ing its potential clinical utility. Similarly, proprietary software for semi-automated arteriolar
and venular caliber measurements was used by Akbar et al. to compute AVR. However,
the manual component makes these methods time-consuming, subjective, and difficult
to reproduce.

To enable high-throughput screening, fully automated vessel segmentation and clas-
sification techniques are needed. Narasimhan et al. proposed a method using median
filtering, top hat transform, and ROI detection to calculate AVR. However, performance was
only demonstrated in a small dataset of 75 images without disease grading, thereby limiting
clinical validation. The authors of [8] developed an automated technique using multi-scale
linear structure enhancement and thresholding for vessel segmentation. However, AVR
was only calculated within a limited region of 0.5–1 optic disc diameter around the optic
disc, which may bias results and not capture overall vascular morphology. Researchers
in [9] classified vessels and calculated AVR using Gabor wavelets and multilayered thresh-
olding but did not describe the AVR measurement methodology sufficiently enough for it
to be evaluated and reproduced.

More recently, advances in machine learning have enabled more reliable automated
vessel analysis. Badawi et al. optimized vessel segmentation and artery/vein classification
by developing B-COSFIRE filters and training convolutional neural networks (CNNs).
This enabled accurate pixel-wise vessel labeling to derive vascular morphology metrics.
Similarly, their proposed automated pipeline using unsupervised learning for vessel classi-
fication and wavelet transforms for diameter measurement to quantify AVR demonstrated
accurate AVR measurements compared to manual grading. Further research on inter-
pretable and robust machine learning techniques is critical in order to employ automated
retinal vascular analysis for clinical use.

Additionally, Badawi et al. developed a method to automatically grade the tortuosity
severity of retinal images into four levels: normal, mild, moderate, and severe. They
calculated 14 tortuosity metrics for each vessel segment and used these metrics to train
machine learning models to classify images. The best model, distributed random forest
(DRF), achieved 99.4% accuracy on the AV-Classification dataset. This demonstrates the
feasibility of automatic tortuosity severity grading.

Beyond AVR, quantifying vessel tortuosity could provide complementary information
about vascular health. However, fewer studies have investigated automated measurement
of the arteriovenous tortuosity index. The authors of [10] segmented vessels using k-means
clustering and measured tortuosity based on the arc-chord ratio and stationary points along
vessel centerlines. While promising, the methodology was only validated in two public
datasets, necessitating wider evaluation. Kanski et al. proposed an index combining local
and global tortuosity metrics for optical coherence tomography (OCT) images. However,
only eleven OCT volumes were analyzed, limiting clinical significance.

A major limitation of the existing techniques is that most of them focus exclusively
on either AVR or tortuosity, whereas simultaneously quantifying both could improve
disease detection. Towards this goal, the authors of [11] presented a multi-task CNN to
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measure AVR and the tortuosity index end-to-end from fundus images jointly. However,
its performance did not exceed single-task models, indicating that further architectural
refinements are needed to learn complementary feature representations effectively.

Incorporating domain knowledge to derive interpretable biomarkers is an active area
of research. Poplin et al. developed a deep learning system to predict cardiovascular
risk factors by extracting interpretable vascular features, mimicking how clinicians qual-
itatively assess retinal images. However, the model was trained on only two datasets,
requiring broad validation. Developing and rigorously evaluating hybrid machine learn-
ing systems that integrate vascular domain knowledge could advance clinical translation
and adoption [12].

Emerging imaging modalities also provide new opportunities for vascular analy-
sis. OCT angiography enables depth-resolved visualization of the retinal capillary net-
work. However, few automated algorithms have been developed to quantify morpho-
logical changes in these volumetric scans. A key challenge is accurately segmenting
the capillaries, which have low contrast and discontinuity compared to major vessels
in enface projections [13].

In summary, the robust quantification of retinal vascular morphology shows strong
promise as a non-invasive biomarker for systemic and ocular diseases. While progress has
been made, especially in AVR measurement, substantial opportunities exist to improve
interpretability, incorporate multimodal data, and move these technologies toward clinical
integration. Key priorities for further research include: (1) developing unified algorithms
that simultaneously quantify multiple morphology measures; (2) advancing machine
learning techniques that integrate anatomical domain knowledge to derive explanatory
biomarkers; (3) expanding rigorous validation across diverse patient populations and eye
diseases; and (4) innovating volumetric analysis methods for emerging modalities like OCT
angiography. Advances in these areas could enable more accurate disease risk stratification
and unlock the full potential of retinal vascular imaging as a precision medicine tool.

3. Methodologies and Materials

3.1. Used Materials

The evaluation of AVLR has undergone rigorous examination using the
AV-Classification dataset [5] (See Figure 1). This comprehensive dataset comprises 504 reti-
nal images meticulously annotated at the pixel level for vessel segmentation, artery/vein
classification, and optic disc localization. The meticulous annotations were carried out
by highly skilled ophthalmologists. Of the 504 images, 22 were from healthy subjects
while 482 were from subjects with various forms of retinopathy, with a majority of the
pathological images showing signs of hypertensive retinopathy. Other retinal vascular
pathologies, like diabetic retinopathy, were also included in this dataset. All 504 images
were acquired, using the same model of non-mydriatic fundus camera (Topcon), from 50
patients in the middle-aged category, ensuring consistency in image capture settings like
field-of-view. There are 504 labels in total for each label type (vessel segmentation label,
AV-classification label). The original retinal image from the AV-Classification dataset is
fed to a deep learning optimized method to enable vessel segmentation and classification
using the colored vessel segmentation labels. The type-1 and type-2 pictures and labels are
2002 by 2000 pixels in size. Each original retinal picture used in vascular segmentation and
AV classification investigations has two labels: colored and monochromatic.

Figure 1. The dataset for AV-Classification utilized in this paper.
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3.2. Methodology

The methodology for calculating the AVLR involves the application of nine metrics.
Figure 2 depicts a summary of the procedure, where the workflow steps are displayed.
The initial trial took place in the ROI-1 zone, specifically focusing on an area ranging from
twice the size of the optic disc radius to thrice its size. The subsequent trial occurred in
the R2 region, targeting a region spanning from twice the radius of the optic disc to five
times its radius. The segmented and skeletonized retinal images were initially created,
as depicted in Figure 3, to prepare them for further analysis. Once the segmentation was
completed, the images were divided into segments. Next, every segment was subjected to
the nine length metrics. These measures were created particularly to measure the length
properties of the retinal arteries and veins. The AVLR may be estimated by measuring
the lengths of these vessels, offering important insights into the morphological alterations
connected to hypertensive retinopathy (HR) and other eye-related disorders. A thorough
review procedure was carried out to verify the precision of the AVLR readings. This
entailed comparing the estimated AVLR values with expert assessments and ground truth
annotations. The evaluation was carried out on the AV-Classification dataset, which
comprises retinal pictures that ophthalmologists have carefully tagged and categorized.

Figure 2. The process of measuring the proposed AVLR metric (green denotes fully automated,
and orange denotes the semi-automated steps).

Figure 3. Illustration of the proposed AVLR calculation steps: (a) a representation of the fundus image
where the optic disc is localized, (b) ROI segmentation, (c) extraction of blood vessels, (d) artery–vein
classification (e) conversion to a skeletonized form, (f) segmentation of vessel segments into fragments
where the computation for the nine metrics happens for each vessel segment; all those figures are the
input to compute the AVLR for each retinal image.
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Firstly, branch points were detected using a morphological operation to identify the
locations where the vessel tree branches [14]. This step is crucial for measuring the AVLR. It
enables the analysis and quantification of AVLR by segmenting the detected branch points
into different vessel segments. After that, another morphological process that removes
the inner pixels while keeping the pixels that indicate the vessel structure was used to
acquire the vessel tree’s vasculature edges [14]. Following this, vessel skeletonization was
performed using an optimized vessel fragments extraction technique, outlined in [15]. This
method improves the skeletonization results by progressively eliminating spur dots and
smoothing the skeleton. The vascular tree generates eleven vessel branch segments after
an innovative approach is used to remove bogus “L”-shaped (junction) segment sections.
For the best accuracy, we used the optimal technique for extracting vessel fragments as
outlined in [15]. This approach optimizes vessel segments for segment and image-wise
morphometric analysis, allowing us to proceed with AVLR evaluation. The proposed
methodology focuses on measuring the AVLR. It can be utilized in conjunction with other
methods for comprehensive analysis, like tortuosity or arteriovenous width ratio, enabling a
thorough assessment of retinal vasculature morphology. In addition, the AVLR is compared
for both eyes to identify any potential differences. By examining the AVLR values from the
left and right eyes, the methodology aims to detect inter-eye variations that may provide
valuable insights into the asymmetry or bilateral involvement of retinal vascular changes.
This comparative analysis of AVLR between the eyes adds an important dimension to the
assessment, enabling a comprehensive evaluation of the retinal vasculature in relation to
hypertensive retinopathy (HR) and other eye-related conditions. The table presented below
provides a concise overview of the methodology employed in the paper, outlining the key
steps involved in the process:

1. Optic Desk Localization: The fundus image undergoes a process to detect the location
of the optic disk.

2. ROI Segmentation: The fundus images are subjected to ROI segmentation to detect
and extract the ROI-2-3 ROD and 2-5 ROD from the rest of the image.

3. Vessel segmentation: The retinal images are subjected to a vessel segmentation process
to separate the blood vessels from the background.

4. Artery–vein classification: The segmented vessels are analyzed to differentiate be-
tween arteries and veins in the vascular structure of the ROI.

5. Vessel skeletonization: The segmented vessels are further processed using skeletoniza-
tion techniques to obtain a thin representation of the vascular structure.

6. Identification of the bifurcation/intersection points: Key points along the skeletonized
vessels are identified to extract the vessel segments between them.

7. Generate the optimized vessel segments: Optimized vessel segments are generated
based on the verified points, focusing on specific regions of interest.

8. Calculate each of the nine metrics long feature vectors: The nine length/tortuosity
metrics are calculated for each optimized vessel segment, providing quantitative
measurements for AVLR assessment.

9. Finalize the new AVLR feature set: The calculated AVLR values from each vessel
segment are compiled to form a new feature set specifically for AVLR analysis.

3.3. Artery–Vein Classification

A deep learning strategy is employed using the author’s method in [16] to categorize
retinal blood vessels as either arteries or veins. Specifically, an encoder-decoder fully
convolutional neural network (FCN) architecture is utilized for this purpose.

The encoder part of the FCN is responsible for acquiring high-level distinctive features
from the input retinal images. It comprises several convolutional layers, each followed
by a ReLU (Rectified Linear Activation) function to introduce nonlinearity. Additionally,
max-pooling layers are inserted to gradually reduce spatial dimensions and encode the
most salient features.
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The decoder component of the FCN operates on the encoded feature representation
and generates dense pixel-wise predictions to produce a segmentation mask output. It
incorporates upsampling layers to restore the original input dimensions, ensuring the
output segmentation masks match the input image size. Convolutional layers and ReLU
activations are also employed in the decoder.

Unlike typical convolutional neural networks, this FCN includes only convolutional
layers in both the encoder and decoder, omitting any fully connected layers. This design
allows it to accept input images of varying dimensions and produce corresponding output
segmentation masks.

The network is trained end-to-end, utilizing the raw retinal images as input without
any preprocessing steps like vessel segmentation. A multi-loss function is developed
to optimize the learning of arterial and venous labels at the pixel level. This function
incorporates both pixel-wise and segment-wise loss components.

The pixel-wise loss assesses predictions and ground truth labels individually for
each pixel. On the other hand, the segment-wise loss introduces contextual information
by considering the predominant label within each vessel segment. It adapts pixel-level
predictions based on segment-wise vascular labeling. This combined approach enhances
performance compared to relying solely on pixel-wise loss.

By directly learning highly distinctive features from the retinal images, the FCN can
accurately classify individual pixels as artery, vein, or background, eliminating the need
for hand-crafted features or pre-segmented vessel maps. The inclusion of a multi-loss
function with both pixel and segment-level components further elevates the performance
of artery/vein classification.

3.4. Vasculature Segmentation and Skeletonization

The segmentation of blood vessels in retinal images is a complex task due to various
challenges, such as poor contrast, uneven lighting, and background artifacts. Despite
these difficulties, several supervised and unsupervised methods have been developed
for retinal vessel segmentation. In this study, we optimize the parameters of a filter to
effectively segment retinal vessels based on the work in [5]. Our proposed technique
uses multi-objective optimization to enhance the results obtained from the B-COSFIRE
algorithm used in [17] to address issues like the central light reflex. The method successfully
segments the vasculature, including the vessels, with the center light reflex. Artery–
vein segmentation results are also provided using a method previously proposed in [15].
Furthermore, a thinning process removes the vascular skeleton, eliminating noise and
refining the skeleton’s shape. The process involves iterative detection and elimination of
endpoints, followed by removing extra pixels that create L-shaped angles and fragment
the vessels.

3.5. Optimized Retinal Images

To generate the optimized retinal image, we utilized a blood vessel segmentation
method that builds on the trainable B-COSFIRE filter. To find additional optimum parame-
ters, the selection of the thresholding parameter was thoroughly analyzed, and background
artifact removal methods were used, according to the process description in [17]. The
findings from the suggested strategy outperformed those from other cutting-edge tech-
niques used in vessel segmentation. We employed the ANOVA analysis with a p-value
threshold of less than 0.05 to determine the significance of the parameters influencing
the performance. This analysis allowed us to identify the most influential parameters in
the process.

3.6. AVLR Metrics

The process begins by traversing the extracted skeleton segments of each image.
The feature extraction procedure begins by calculating the straight-line and geodesic
distances inside each vascular segment. Subsequently, all nine measures of AVLR that are
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given in Equations (1)–(9) are calculated. This generates a record for the segment within
a dedicated feature set designed to capture the length attributes of each vessel segment.
In addition, the tortuosity calculation is incorporated into our metrics to capture the degree
of curvature or winding in blood vessels. The structural characteristics of arteries and
veins are quantitatively assessed by including tortuosity measurements, providing insights
into vessel elongation, branching, kinking, and other abnormalities associated with retinal
vascular diseases and systemic conditions. This integration enhances the accuracy and
comprehensiveness of our assessment of vessel length attributes, enabling the derivation
of the AVLR for evaluating the asymmetry and differences between arteries and veins.
To provide a comprehensive overview, statistical summaries are then computed for the
segments within each image, forming a row in the feature set file that captures image-
level attributes. Sample metrics showcasing distance-based measures for vessel length
evaluation are depicted in Figure 4, leading to the final calculation of AVLR. Below is
a comprehensive description and definition of all nine length metrics along with their
corresponding attributes, which are essential for the calculation of the AVLR.

1. Arteriovenous Chord Length Ratio: A ratio of the average Euclidean length of all
veins to all arteries in the retinal picture is represented by this measure. It measures
the proportional variations in length between veins and arteries.

Arterivenous_SLD_Length_Ratio =
average(Artery_SDLE_Length)
average(Vein_Chord_Length)

. (1)

2. Arteriovenous Arc Length Ratio: The ratio of all the arteries’ mean geodesic distance
to all the veins’ mean geodesic distance in the retinal picture is represented by this
measure. It sheds light on the differences and curving routes of veins and arteries.

Arterivenous_Arc_Length_Ratio =
average(Artery_Arc_Length)
average(Vein_Arc_Length)

. (2)

3. Arteriovenous Distance Metric Ratio: The ratio of the average tortuosity length
metric of all veins to all arteries in the retinal picture is represented by this measure.
The overall tortuosity and variations in vein and artery curvature are quantified.

Arterivenous_DM_Length_Ratio =
average(Artery_DM_Length)

.
average(Vein_DM_Length) (3)

4. Arteriovenous Inflection Count Metric Ratio: This measure shows the proportion of
the average tortuosity. The total inflections measurement of each artery to the average
tortuosity total inflections measurement of every vein in the retinal picture. The quan-
tity of inflection points is counted, which represents the degree of vascular tortuosity.

Arterivenous_ICM_Length_Ratio =
average(Artery_ICM_Length)
average(Vein_ICM_Length)

. (4)

5. Arteriovenous Inflection Count Metric Binomial Ratio: The mean tortuosity inflec-
tion count measure binomial of all arteries divided by the average tortuosity inflec-
tion_Count_Metric_Binomial of all veins in the retinal picture is represented by this
measure. It evaluates the veins’ and arteries’ binomial distribution of inflection sites.

Arterivenous_ICMb_Length_Ratio =
average(Artery_ICMb_Length)
average(Vein_ICMb_Length)

. (5)

6. Arteriovenous Sum of Angles Metric Ratio: This metric is the average tortuosity
inflection count divided by its ratio. Comparing the average inflection count metric of
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all arteries to the binomial of all veins in the retinal image; it assesses the binomial
distribution of artery and vein inflection points.

Arterivenous_SOAM_Length_Ratio =
average(Artery_SOAM_Length)
average(Vein_SOAM_Length)

. (6)

7. Arteriovenous Norm of Curvature Ratio: This measure represents the proportion of
the average curvature of all vein segments to all artery segments in the retinal picture.
It gauges the vessel segments’ curvature.

Arterivenous_NC_Length_Ratio =
average(Artery_NC_Length)
average(Vein_NC_Length)

. (7)

8. Arteriovenous of Average Curvature Ratio Standard Deviation: This statistic cal-
culates the difference between the average curvature of all arteries’ mean standard
deviation and the average curvature of all veins’ mean standard deviation. the retinal
picture. Quantification is used to the curvature variation along vessel segments.

AV_SDAC_Length_Ratio =
average(Artery_SDAC_Length)
average(Vein_SDAC_Length)

. (8)

9. Arteriovenous of Centerline Length Ratio: This metric represents The mean cen-
terline length of all the arteries divided by the mean centerline length of all the
veins in the retinal image. It determines the distances between the arteries’ and
veins’ centerlines.

AV_CL_Length_Ratio =
average(Artery_CL_Length)
average(Vein_CL_Length)

. (9)

Figure 4. ERD diagram of the image-level and segment-level feature sets.

3.7. The New Feature-Set Preparation

The AVLR calculation for the entire AV-Classification dataset (504 images) is performed
using the proposed method. The initial step described in Figure 2 involves dividing a
binary image that contains the retinal vessels into segments using an optimized method [17].
After that, iterative thinning is applied to extract the vessel skeleton. The skeleton is then
broken into fragments and optimized into vessel fragments, which connect intersections,
bifurcations, or endpoints in the skeleton, as explained in [5]. Each of these vessel fragments
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is treated as a curve, and nine mathematical formulas (Formulas (1)–(9)) are utilized to
measure the length ratios and quantify the attributes of the AVLR for each fragment.
This process generates a feature set at the fragment level, consisting of the AVLR metrics.
Additionally, summary statistics are computed for each image to create the image-level
feature set as depicted in Figure 4. The process involves evaluating the nine-length ratio
metrics and incorporating the newly labeled AVLR feature set as an extension to the
AV-Classification dataset, which encompasses both image-wise and vessel segment-wise
tortuosity features. Two types of AVLR features are introduced: segment-level AVLR
features and image-level statistics AVLR features. The image-level statistics include the
count of segments in the image and, for each length metric, statistical summaries such as
average, minimum, and maximum values are calculated. Figure 4 illustrates the entity-
relationship diagram (ERD), representing the feature set.

3.8. Right and Left Eyes Comparison

The comparison of AVLR values between the left and right eyes is the final step in our
analysis, providing a comprehensive assessment of any asymmetry or significant differ-
ences. This comparison allows for a detailed evaluation of the retinal characteristics of each
eye and serves as a valuable tool in identifying potential abnormalities or discrepancies.

To conduct this comparison, AVLR values are obtained separately for the left and right
eyes. We apply the AVLR calculation methodology outlined in the previous steps to the
retinal images of each eye, recording and compiling the AVLR values for further analysis.

Once we have obtained the AVLR values for both eyes, we conduct a thorough
comparison using statistical methods and techniques to assess the level of asymmetry or
significant differences between the AVLR values of the left and right eyes.

The results of this comparison provide valuable insights into retinal health and poten-
tial variations between the eyes. Clinicians and researchers carefully examine any notable
discrepancies or asymmetry in AVLR values and interpret these findings. These results
contribute to a deeper understanding of retinal conditions and may have implications for
diagnosis, treatment, and overall eye health management.

Incorporating this step into the methodology enables a comprehensive evaluation of
retinal health and asymmetry between the left and right eyes, enhancing the diagnostic
process and assisting in developing personalized treatment plans tailored to the specific
needs of each individual.

4. Results

4.1. Optic Disc Localization

Figure 5 illustrates the first step in generating a ring cut image, which identifies
the optic disk’s center and radius. This involves converting the image to grayscale and
monochrome to isolate the circular shape. The calculated geometric center and optic disc
radius serve as the basis for further image analysis and metrics.

Figure 5. Optic disc localization illustration: (a) OD in the fundus image (b) converted to grayscale
(c) and monochrome (d) the image annotated with the OD center and radius.

4.2. ROI Segmentation

In the second stage, we create ring-cut images by segmenting the regions of interest
(ROIs) with radii ranging from 2ROD to 3ROD and an extended range up to 5ROD (See
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Figure 6). Each segment corresponds to a new image, allowing targeted analysis of specific
circular regions around the optic disk.

Figure 6. ROI segmentation: (a) Ring cut from 2ROD to 3ROD; (b) annotated original image (c); ring
cut from 2ROD to 5ROD.

4.3. Vessel Segmentation

The third step utilizes the previous work of [17] to optimize blood vessel segmentation.
By extending the trainable B-COSFIRE filter, more optimal parameters are identified,
resulting in improved vessel segmentation accuracy; see Figure 7.

Figure 7. Fundus image and vessel segmentation for the two ROI areas with improved accuracy
using the trainable B-COSFIRE filter and optimized parameters.

4.4. Artery Vein Classification

In the fourth step, deep learning is applied using the method in Section 3.3 to segment
arteries and veins in each ring cut (Figures 8 and 9). The implementation of the multi-
loss technique elevates pixel accuracy from 93.5% to 97% on the dataset [16]. Following
training on this extensively annotated dataset, the method attains exceptional accuracy,
underscoring its efficacy in robust artery/vein classification.

Figure 8. Artery–vein classification and segmentation of ROI of the segmented ring from 2ROD
to 3ROD.
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Figure 9. Artery–vein classification and segmentation of ROI of the segmented ring from 2ROD
to 5ROD.

4.4.1. Skeletonization and Vessel Segment Optimization

In the next step, the segmented vasculature is skeletonized and optimized using the
method from [18], preparing the vessel segments for further processing (Figures 10 and 11).
These improvements result in a more accurate vessel tortuosity calculation, with significant
enhancements in sigma level and confirming yield.

Figure 10. Illustration of improving the extraction of vessel segments by removing spurs after
skeletonization and branch points removal.

Figure 11. View of the enhanced vessel segments before and after the enhancement.

4.4.2. Measure the Length of Each Artery and Vein Fragment in the ROI

Each extracted vessel segment is passed to calculate its length to be ready as input for
tortuosity metrics calculations using the method in [5] (see Figure 12).
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Figure 12. Illustration of the vessel segments that have been extracted, along with the calculation of
their respective lengths.

4.5. Observations on Fundus Images and Their Corresponding Metric Values

The intricate analysis of fundus images, along with their corresponding metric values,
not only provide valuable insights into the complex domain of retinal morphology but also
unveil important characteristics of arteriovenous length and the AVLR. In this section, we
delve into a detailed discussion of selected fundus images, highlighting our observations
and findings.

4.5.1. Arteriovenous Length Analysis

Upon a meticulous analysis of the selected fundus image metrics results, we discerned
a noteworthy pattern: the reported length in the arteries was generally consistent with that
of the veins, thereby reinforcing the hypothesis that the lengths of arteries and veins in the
retina exhibit a considerable degree of similarity in the normal situation [18]. Figure 13
showcases a fundus image from the dataset that has this case.

Figure 13. A healthy fundus image showcasing balanced vasculature with metric values: AVLR_DM
(1.013), AVLR_SOAM (1.15), AVLR_ICMN (1.055), AVLR_ICMB (1.004), and AVLR_LC (0.977),
signifying normalcy as the arteries’ metric values closely match the mean of the veins.

4.5.2. An Intriguing Observation

We made an interesting observation while curating the AV-Classification dataset,
which inspired further research. We noticed that the fundus images showed clear patterns
of tortuosity in the arteries and veins, which could be classified into one of three categories.

• Atypically Elongated Arteries and Normal Veins: In a subset of retinal images within
the AV-Classification dataset, we encountered instances where the arteries displayed
significant elongation while the veins retained a relatively normal appearance. This
divergence in vascular morphology raises intriguing questions about the potential
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factors driving this asymmetry and may help physicians to efficiently diagnose retinal
abnormalities. Figure 14 showcases that.

• Atypically Elongated Veins and Normal Arteries: On the other hand, a contrasting pattern
was evident in certain other fundus images. The veins showcased noticeable elonga-
tion, while the arteries preserved a normal appearance. This polarized pattern adds
another layer of complexity to our understanding of retinal vascular abnormalities;
such cases may be signs of specific further diagnoses.

• Mixed Elongation: A subset of images revealed that both the arteries and veins ex-
hibited varying degrees of elongation or, conversely, both appeared to be normal.
This variability within individual retinas underscores the intricate nature of vascular
architecture and emphasizes the need for a more holistic investigation; Figure 15
showcases this.

Figure 14. A fundus image displaying atypically elongated arteries and normal veins with metric
values: AVLR_DM (7.194), AVLR_SOAM (0.843), AVLR_ICMN (29.811), AVLR_ICMB (13.785),
and AVLR_LC (8.579).

Figure 15. A fundus image displaying atypically elongated arteries and normal veins with met-
ric values: AVLR_DM (0.424), AVLR_SOAM (0.942), AVLR_ICMN (0.27), AVLR_ICMB (0.615),
and AVLR_LC (0.487).
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4.5.3. Asymmetry in in Eye Pairs

Furthermore, our analysis led us to a specific pair of fundus images (Figure 16) that
showcased a striking difference in the AVLR between the right and left eyes. The right eye
displayed a severe degree of AVLR in contrast to the left eye. This pronounced asymmetry
in AVLR invokes questions about its potential impact on retinal health and functionality,
which warrants further investigation.

(a) (b)
Figure 16. Comparison of AVLR between the right and left eyes. (a) Metric values for Image 1:
AVLR_DM (0.102), AVLR_SOAM (1.097), AVLR_ICMN (0.042), AVLR_ICMB (0.102), AVLR_LC
(0.136). (b) Metric values for Image 2: AVLR_DM (2.186), AVLR_SOAM (0.789), AVLR_ICMN (3.626),
AVLR_ICMB (1.331), AVLR_LC (1.699).

4.5.4. Discussion

The myriad variations in vascular AVLR elucidate the complexities of retinal vascu-
lature and its potential implications for ocular health. The underlying reasons for these
asymmetries remain enigmatic and necessitate further exploration. Potential contribut-
ing factors could range from genetic predispositions and systemic diseases to localized
pathologies impacting specific regions of the retina.

The findings put forth in this study provide pivotal insights into the diversity of
retinal vascular morphologies, indicating that a generic, one-size-fits-all approach to retinal
analysis may not be adequate. A comprehensive understanding of these variations could be
instrumental in the early detection of ocular diseases and the development of personalized
treatment strategies.

Our observations underscore the critical role of the in-depth analysis of fundus images
and corresponding metric values in augmenting our understanding of ophthalmology and
propelling advancements in ocular health diagnosis and care. To unravel the mysterious
mechanisms governing these observed patterns and their clinical implications, further
research and interdisciplinary collaboration are indispensable.

4.6. Observations on the Box Plot Graphs

Box plots of the generated AVLR metrics—specifically the ratio of the mean artery to a
mean vein—for each image across the AV-Classification dataset are given in Figures 17–20.
The AVLR ratios are generated for the following metrics: inflection count metric normal
(ICMN), inflection count metric binomial (ICMNB), distance metric (DM), sum of angles
metric (SOAM), and length centerline (LC). The equations are explained in Section 3.6.
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Arteriovenous Length Ratio Metrics
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Figure 17. AVLR 2-3ROD Imagewise.
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Figure 18. AVLR 2-3ROD Segmentwise.
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Figure 19. AVLR 2-5ROD Imagewise.
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Arteriovenoues Length Ratio (AVLR) Metrics
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Figure 20. AVLR 2-5ROD Segmentwise.

Image Level Arterioveinous Length Ratios Analysis

The above observation reaffirms our statistical findings. To delve deeper into this rela-
tionship, we compute the image-based ratios across the 504 images in the AV-Classification
dataset. We calculate them for each image as given in the equations. Additionally, we
compute the ratio of the average tortuosity metric of retinal arteries over the average
tortuosity metric of the retinal veins for each of the following length metrics: SOAM, ICM,
ICMb, DM, and LC. Figures 17–20 show the box plots of the vessel length ratios image-wise
and segment-wise using the equations in Section 3.6. Those ratios attribute each image
in the AV-Classification dataset to the mean length of the arteries compared to the mean
length of the veins in this specific retina. This could identify the healthiness of the vessels,
whether their length varies or not, and how severe the deviation that can be noticed in each
fundus image of the AV-Classification dataset is from those two ratios.

• The box plots shown in Figures 17–20 demonstrate that, across the 504 photos in the
AV-Classification dataset, all metrics have a normal distribution. This leads us to a
number of findings:

• The ratios for veins and arteries often show a comparable length pattern, indicating
that the morphological lengthiness of veins and arteries is almost the same, with a
ratio approaching 1.

• The center value of the box plots, or the median, slightly surpasses 1, indicating that
the mean length of a vein is shorter than the average length of the artery.

• The ratio moves toward the top of the box plot when the artery-length mean is higher
than that of the veins. As a consequence, when the length difference grows, the retinal
image point rises in the box plot to approximately 50% of the normal distribution data.

• On the other hand, the ratio veers toward the bottom of the box plot when the average
length of both arteries is smaller than the average length of both veins. The retinal
image point in the box plot moves below the median as the length difference decreases.
This tendency is seen in around 50% of the data from the normal distribution plot.

• In order to evaluate the difference between the lengths of the arteries and veins, the arc
and chord lengths may be substituted because of the normal distribution of both ratios.
In the meanwhile, for certain pictures in the AV-Classification dataset, the box plot in
Figure 20 shows that the arteriovenous tortuosity ratios in (4)–(9) are skewed above
the mean and median. This observation leads us to the following conclusions:

• The arteriovenous SOAM ratio illustrates how the curvature angle influences the
calculation and limits the findings within the constrained range of the y-axis (0 to
360) by displaying a regular distribution with a mean and median of 1. However, any
possible distinctions between veins and arteries may not be readily apparent because
of this narrow range.
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• The lengths of the arteries and veins lengthen and the ratio becomes closer to one
when they have the same degree of AVLR. While the mean and median of the other
AVLR ratios range from 0.99 to 1.4, the AV SOAM ratio has both a mean and a median
of 1. The variations in the artery and vein diameters and their visibility on the retinal
surface in each picture may be ascribed to this deviation.

• The ratio moves to the top part of the box plot if the average length of veins is shorter
than the average length of arteries. This implies that the tortuosity of arteries is much
greater than that of veins in the retinal image.

• Conversely, in the event that the average length of the arteries is lower than the mean
lengths of the veins, the ratio will shift towards the lower end of the box plot. Vein
tortuosity does not deviate substantially from the median in the box plots shown in
Figures 17–20, suggesting that fewer cases of vein tortuosity arise in veins alone.

Based on the examination of the aforementioned arteriovenous length, it can be
inferred that the observed results align with the statistically calculated outcomes, indicating
that the measured lengths in the arteries are equivalent to those in the veins. However,
the motivation for this study originates from a finding made during the creation of the
AV-Classification dataset.

• The retinal images in the AV-Classification dataset display inconsistencies in the length
and tortuosity of arteries and veins.

• Specifically, some images show tortuous arteries with normal veins, while others have
tortuous veins but normal arteries.

• Additionally, there are images where both artery and vein lengths are either tortuous
or normal.

Although numerous studies have focused on evaluating the tortuosity of retinal ves-
sels, there is currently no formula available to specifically identify abnormalities in either
veins, arteries or both. Such phenomena present a novel avenue for future research in
ophthalmology, as it marks the first exploration of this aspect within the field. Further-
more, it is worth noting that existing tortuosity calculation methods found in the literature
primarily assess overall tortuosity, whereas this study delves into the distinction in arteri-
ovenous length behavior. The calculations for the arteriovenous length ratio (AVLR) were
conducted for all segments of arteries and veins in each of the 504 retinal images from
the AV-Classification dataset. Subsequently, formulae were developed to describe these
phenomena, and statistical analysis demonstrated that, From a geometric standpoint, there
are parallels in the tortuousness of veins and arteries. The quantification discussed by the
authors is regarded as a distinctive and encouraging avenue for further exploration within
the domain of retinal image pathology diagnosis.

4.7. AVLR New Dataset

The retinal vessel morphometry (RVM) research in [15] has been further enhanced
by incorporating new labels for AVLR metrics, constituting an extension named the AV-
Classification dataset. This extension encompasses vessel segment-wise and image-wise
AVLR metrics quantified using the methodology proposed in this paper.

Specifically, as illustrated in Figure 21, the dataset now includes the following new
AVLR metrics computed for each optimized vessel segment:

• Arteriovenous chord length ratio;
• Arteriovenous arc length ratio;
• Arteriovenous distance metric ratio;
• Arteriovenous inflection count metric ratio;
• Arteriovenous inflection count metric binomial ratio;
• Arteriovenous sum of angles metric ratio;
• Arteriovenous norm of curvature ratio;
• Arteriovenous standard deviation of average curvature ratio;
• Arteriovenous centerline length ratio.
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Figure 21. The AVLR dataset extends prior RVM work with new metrics quantified using the
proposed methodology.

Additionally, image-level statistics are calculated by aggregating the segment-wise
metrics for each image. The image-level statistics consist of summary values like count,
mean, standard deviation, minimum, maximum, and median for all the above AVLR metrics.

In total, the enhanced AV-Classification dataset contains over 17,000 newly labeled
AVLR values spanning across vessel segments and images. This expanded dataset with
the additional AVLR annotations serves as a valuable resource for research and analysis
of retinal vasculature morphology. The inclusion of the new AVLR metrics significantly
augments the RVM dataset, providing a more comprehensive set of labels to quantify
arteriovenous asymmetries and vascular abnormalities associated with various diseases.

The AV-Classification dataset will be made publicly available to the research com-
munity upon request, enabling further advancements in this domain. The dataset can
facilitate the development of machine-learning models for automated AVLR computation
from retinal images. In addition, the detailed AVLR labels can help identify morphological
patterns and aid in screening vascular conditions like hypertensive retinopathy. Overall,
the extended dataset allows a more in-depth analysis of retinal vessel morphology and its
relationship to systemic diseases.

5. Conclusions

In conclusion, this paper proposes a novel method for evaluating retinal vascula-
ture morphology and its diagnostic potential in hypertensive retinopathy (HR) and other
eye-related diseases. The method introduces a new approach called the AVLR, which
focuses on assessing the relative length of arteries and veins in the retinal vasculature.
The methodology involves segmenting the retinal blood vessels, distinguishing between
arteries and veins, and measuring the length of both within the area of interest encompass-
ing the optic disc using an iterative approach. The effectiveness of the AVLR measurement
was evaluated using the RVM dataset, demonstrating superior performance compared to
existing techniques.

The major contributions of this research include the development of an automated
system that integrates AVLR analysis and vessel tortuosity evaluation for the detection and
grading of HR. This system provides a unique perspective on the morphological changes
associated with HR and offers a valuable tool for the timely diagnosis of HR and other eye-
related conditions. The methodology incorporates nine metrics that can accurately quantify
the severity of AVLR, minimizing subjectivity and variability with manual assessments.
Additionally, the comparative analysis of AVLR between the eyes enables a comprehensive
evaluation of retinal vasculature in relation to HR and other conditions.
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Finally, we enhanced prior retinal vessel morphometry research by adding new la-
bels for metrics in an extended dataset called AV-Classification. This incorporates vessel
segment-wise and image-wise AVLR metrics quantified using the proposed methodology.

The proposed method holds great promise for improving the efficiency and accuracy
of HR diagnosis, facilitating timely treatment, and improving patient outcomes. Further
research and validation on larger datasets and in clinical settings are warranted to fully
establish the diagnostic potential of the AVLR and its integration into clinical decision
support systems for ophthalmology.
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The following abbreviations are used in this manuscript:

HR Hypertensive Retinopathy
AVLR Arteriovenous Length Ratio
AVR Arteriovenous Ratio
ROI Region of Interest
ROD Radius of Optic disc
AV Arteriovenous
DM Distance Metric
SOAM Sum of Angles Metric
ICM Inflection Count Metric
ICMB Inflection Count Metric Binomial
NC Norm of Curvature
SDAC Standard Deviation of Average Curvature
CL Centerline Length
FCN Fully Convolutional Neural Network
CNN Convolutional Neural Network
OCT Optical Coherence Tomography
RVM Retinal Vessel Morphometry
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Abstract: Several optical coherence tomography angiography (OCT-A) studies have demonstrated
retinal microvascular changes in patients post-SARS-CoV-2 infection, reflecting retinal-systemic
microvasculature homology. Post-COVID-19 syndrome (PCS) entails persistent symptoms following
SARS-CoV-2 infection. In this study, we investigated the retinal microvasculature in PCS patients
using OCT-angiography and analysed the macular retinal nerve fibre layer (RNFL) and ganglion
cell layer (GCL) thickness via spectral domain-OCT (SD-OCT). Conducted at the Manchester Royal
Eye Hospital, UK, this cross-sectional study compared 40 PCS participants with 40 healthy controls,
who underwent ophthalmic assessments, SD-OCT, and OCT-A imaging. OCT-A images from the
superficial capillary plexus (SCP) were analysed using an in-house specialised software, OCT-A
vascular image analysis (OCTAVIA), measuring the mean large vessel and capillary intensity, vessel
density, ischaemia areas, and foveal avascular zone (FAZ) area and circularity. RNFL and GCL
thickness was measured using the OCT machine’s software. Retinal evaluations occurred at an
average of 15.2 ± 6.9 months post SARS-CoV-2 infection in PCS participants. Our findings revealed
no significant differences between the PCS and control groups in the OCT-A parameters or RNFL and
GCL thicknesses, indicating that no long-term damage ensued in the vascular bed or retinal layers
within our cohort, providing a degree of reassurance for PCS patients.

Keywords: post-COVID-19 syndrome (PCS); long COVID; optical coherence tomography angiography
(OCT-A); SD-OCT; nerve fibre layer; ganglion cell layer; retina

1. Introduction

In March of 2020, the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
gave rise to a global pandemic, incurring detrimental effects on the health, economy, and
social infrastructures of populations worldwide. The effects of the SARS-CoV-2 infection,
termed acute coronavirus disease 2019 (COVID-19), range from pneumonia and acute
respiratory distress syndrome (ARDS) to thromboembolic disease, septic shock, and multi-
organ failure [1]. In the aftermath of the pandemic, a post-viral sequela of SARS-CoV-2
infection emerged, referred to as post-COVID-19 syndrome (PCS) [2] or post-COVID-19
condition [3].

Post COVID-19 syndrome refers to the persistence of certain clinical symptoms more
than 12 weeks after the initial COVID-19 infection, which cannot be explained by an alter-
native diagnosis [4]. Persistence of symptoms 4 or more weeks after the infection may be
referred to as post-acute sequelae of SARS-CoV-2 infection (PASC) [5] or ‘Long COVID’.
Symptoms of PCS may include but are not limited to fatigue, dyspnoea, cough, auto-
nomic symptoms (chest pain, palpitations, tachycardia), neurocognitive impairment i.e.,
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‘brain fog’, arthralgia, myalgia, headaches, anosmia, ageusia, gastrointestinal disturbances,
sleep disturbances, hair loss, and psychiatric disorders such as depression and anxiety [5].
Immune dysregulation, autoimmunity, dysautonomia, viral persistence, re-activation of
latent viral pathogens, neutrophil extracellular traps (NETs), dysregulation of the renin-
angiotensin-aldosterone system (RAAS), coagulopathies (hypercoagulation, thrombosis),
fibrin amyloid micro-clots, endothelial dysfunction, and impaired microvasculature, are
some of the principle pathophysiological mechanisms underpinning post-COVID-19 syn-
drome described in the literature to date [5–34].

Studies have shown that increasing age, female sex, lower socioeconomic status,
obesity, presence of co-morbidities, and smoking are associated with an increased risk of
development of PCS [35–40]. It has been estimated that, globally, approximately 15% of
COVID-19 patients experience persistent symptoms at 12 months following acute SARS-
CoV-2 infection [41]. In the UK, 3.1% of the population self-reported suffering with long-
term symptoms following their initial COVID-19 infection between September 2022 and
January 2023 [42]. The worldwide influence of COVID-19 affects not only personal mental
and physical well-being, but also social, economic, and productivity-related aspects in the
healthcare, finance, and employment sectors. Decreased productivity, the requirement for
medical assistance, and the growing need for diagnosis render post COVID-19 syndrome a
deserving candidate for investment in the healthcare industry [43]. Therefore, it is important
to investigate and research all characteristics of this condition.

SARS-CoV-2 enters cells via the angiotensin-converting enzyme-related carboxypep-
tidase (ACE2) receptor [44], which is also expressed on the surface of neuroretinal cells
including Muller cells, retinal pigment epithelium, and pericytes of retinal and choroidal
endothelial cells [45]. Whilst the most common ophthalmic manifestations of acute SARS-
CoV-2 infection consist of conditions such as conjunctivitis and anterior uveitis [46–48],
scleritis, episcleritis, inflammatory orbital diseases (dacryoadenitis, orbital cellulitis, mu-
cormycosis), optic neuritis, papillophlebitis, cranial nerve palsies, choroiditis, retinitis,
retinal vasculitis [48–51], and retinal artery and vein occlusion have also been reported [52].
Retinal examination in patients following COVID-19 infection has demonstrated a wide
array of clinical signs ranging from cotton wool spots (CWS), retinal micro- and macro-
haemorrhages, and venous tortuosity [51,53,54] indicative of acute vascular events and
retinal ischaemia. One of the first studies pertaining to optical coherence tomography
(OCT) imaging of the retina in patients with COVID-19 identified hyper-reflective plaques
in the ganglion-cell-inner plexiform layer (GC-IPL) [54]. However, subsequent publications
attributed this finding to normal variations in the retinal vasculature [55,56]. Increased
peri-papillary retinal nerve fibre layer (RNFL) thickness [57,58], increased central macular
thickness, and decreased ganglion cell layer and inner nuclear layer thickness have also
been reported in patients following COVID-19 infection [59]. Therefore, SARS-CoV-2 in-
fection can induce microstructural changes in the retina, which may persist long-term in
patients with post-COVID-19 syndrome. Given that the retina and optic disc are considered
to be intraorbital extensions of the central nervous system [60], alterations may prevail
especially in those with neurocognitive symptoms.

The eye can be considered as a window into the body’s microvascular system. Optical
coherence tomography angiography (OCT-A) offers a non-invasive opportunity to analyse the
retinal circulation in vivo, providing insight into the subject’s systemic microvasculature by
inference [61]. Several studies have investigated the retinal vasculature of patients infected with
COVID-19 using OCT-A to date. A key finding of note is reduction in the macular vessel density
from as early as 2 weeks following the infection up to 8 months afterward [62–75].

Considering the overwhelming amount of literature reporting an alteration in the
retinal microvasculature in patients with a history of COVID-19 illness, it is pertinent to
investigate whether these effects last long term, especially in patients with ongoing symp-
toms of post-COVID-19-syndrome. Furthermore, there is currently a paucity of literature
examining the retinal vasculature of patients with PCS. Therefore, the primary aim of
this study is to investigate the retinal microvasculature of patients with post-COVID-19
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syndrome using OCT-angiography, in order to determine the long-term sequelae of SARS-
CoV-2 infection on retinal tissues. Additionally, using spectral domain-OCT (SD-OCT) the
thickness of the macular retinal nerve fibre layer and macular ganglion cell layer will also
be examined, to determine if any anatomical alterations coincide with ongoing symptoms
of PCS, particularly neurocognitive symptoms.

2. Materials and Methods

This was a prospective, cross-sectional observational study, conducted at the Manch-
ester Royal Eye Hospital (MREH), UK. Ethical approval was obtained from the Health
Research Authority (HRA) and Health and Care Research Wales (HCRW) along with the Of-
fice for Research Ethics Committees Northern Ireland (ORECNI). The study was conducted
with adherence to the Declaration of Helsinki; written informed consent was obtained from
all participants.

2.1. Participant Recruitment

Patients were recruited into two distinct groups for this comparative study. The first
group comprised of patients over 18 years of age with an established clinical diagno-
sis of post-COVID-19 syndrome by the respiratory team at Manchester Royal Infirmary,
UK. All included subjects either had a reverse transcription-polymerase chain reaction
(RT PCR)—confirmed diagnosis of COVID-19 at an earlier stage or a clinical diagnosis of
COVID-19 (as testing was not readily available in the early stages of the pandemic in the
UK). Patients recruited within the post-COVID-19 syndrome cohort may have an initial
mild, moderate, or severe initial illness with or without requirement for hospitalisation or
outpatient treatment, allowing us to examine the retinal microvasculature in a wider range
of PCS participants.

The second group, the controls, included patients over 18 years of age who did not
have a recent history of COVID-19 infection or a diagnosis of post-COVID-19 syndrome. For
both groups, we excluded patients with a history of diabetes, uncontrolled hypertension,
stroke, haematological disorders, neurodegenerative diseases, high myopia or hyperme-
tropia (above ± 6 dioptres), high astigmatism (>3 dioptres), significant media opacity
compromising fundus imaging, or signs or previous history of choroidal atrophy, exudative
age-related macular degeneration (AMD), central serous chorioretinopathy, glaucoma,
acquired and hereditary optic neuropathy, hereditary retinal diseases, demyelinating disor-
ders, and keratoconus. Both cohorts were age and sex matched. Recruitment commenced in
April 2021 and extended to March 2023 due to delays caused by the COVID-19 pandemic.

Clinical history taking, visual acuity measurement, and OCT-A imaging was under-
taken for each participant of the study. The clinical history taking comprised of details
of the participants’ acute COVID-19 illness, method of acute COVID-19 diagnosis (i.e.,
clinical or by PCR testing), disease course, ongoing symptoms of post-COVID-19 syn-
drome, vaccination history, relevant past medical history, smoking history, Body Mass
Index (BMI) and HbA1c (if available), past ocular history, and ophthalmic prescription.
The best corrected visual acuity was measured using Early Treatment Diabetic Retinopathy
Study (ETDRS) charts at four metres, converted to the Logarithm of the Minimum Angle of
Resolution (LogMAR).

2.2. OCT Imaging

Each patient then underwent wide-field (10 × 10 mm) macula and foveal (4 × 4 mm)
OCT-A imaging using the Canon Xephilio OCTA-1 machine (Canon Medical Systems
Europe B.V©, Amstelveen, The Netherlands). The field of investigation was centred on
the foveal region. Scans had a 10-layer automated segmentation and a refresh rate of
70,000 A-scans/s. The depth of field of view was set to 10 × 10 mm and 4 × 4 mm with an
axial sampling density of 464 × 464 px, with the number of repetitions set at two. For the
purposes of this study, only the retinal superficial capillary plexus (SPC), which provided
the most consistently high-quality images, was examined. Both eyes were imaged in each
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participant, however only the highest quality eye image was used for analysis. Inter-eye
correlations and statistical complexities highlighted by Murdoch et al. would allow for us
to include both eyes into the study, albeit with more complex and less easily recognised
and interpreted techniques [76]. In this study however, image quality for accurate OCT-A
measures, as noted by Czako et al., was of paramount importance [77]. Notably, we were
aware that many PCS participants suffered with dry eyes, fatigue, and dyspnoea, and we
opted to include the highest quality imaged eye only for each patient in this study protocol
with standard statistical techniques to optimise overall image analysis validity. Lubricants
were offered to all patients to mitigate effects of any dry eye disease. Pharmacological
mydriasis was attained (tropicamide 1%) in cases where the quality of imaging was affected
by lack of pupillary dilatation. The image acquisition technique was regimented, in that
all patients were instructed to focus on the cross shape in the OCT-A machine to ensure
standardisation of the macular image procured. Stability of the head was ensured, and all
images were captured in dim lighting.

A two-fold strategy was employed to evaluate the quality of the images obtained.
Initially, the Canon Quality Index from the OCT-A machine was utilised, accepting only
images with an index of ≥7. Additionally, imagers with clinical expertise and a senior
consultant conducted real-time evaluations of the OCT-A and OCT images to identify
significant segmentation errors, and shadow or motion artefacts, leading to image exclusion
if detected. The OCT-A images obtained from both participant groups (one eye per patient)
were then analysed using an in-house specially designed image-processing software, OCT-
A Vascular Image Analysis (OCTAVIA), which carried out an automated analysis and
uploaded the specified measurements to a central Microsoft® Excel® 2021 spreadsheet.

Spectral domain OCT of the macula was also performed to analyse the average
thicknesses of the macular retinal nerve fibre layer (mRNFL) and macular ganglion cell layer
(mGCL) in microns. The OCT machine’s internal software segmented the 10 × 10 macular
image into the nine zones specified by the Early Treatment Diabetic Retinopathy Study
(ETDRS) [78], giving an average value of RNFL or GCL thickness in each zone, shown in
Figure 1. These values were exported into a Microsoft® Excel® 2021 spreadsheet, and a
mean value for the thickness of the outer and inner segments was calculated. The final
study parameters included the mean thickness of the outer segment, inner segment, and
foveal (central) region of the mRNFL and mGCL.

Figure 1. Spectral domain-optical coherence tomography (SD-OCT) of the macula obtained from
Canon Xephilio OCT-A1 Machine (Canon Medical Systems Europe B.V©, Amstelveen, Netherlands)
displaying a 10 × 10 mm macular image from a participant with post-COVID-19 syndrome segmented
into nine EDTRS zones. The segments consist of superior outer, superior inner, nasal outer, nasal
inner, inferior outer, inferior inner, temporal outer, temporal inner, and foveal (central) zones. (a) Dis-
plays the average thickness of the macular retinal nerve fibre layer (mRNFL) in nine EDTRS zones.
(b) Displays the average thickness of the macular ganglion cell layer (mGCL) in nine EDTRS zones.
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2.3. OCT-Angiography Image Processing Algorithm

The OCTAVIA algorithm was programmed using MATLAB® 2021 by the correspond-
ing author (TA), developed from previously published work on small field OCT-A imaging
in diabetic retinopathy (DR) [79]. Additional evidence for its reliability and validity are
provided in Appendix A, Appendix A.1 Reliability and validity of the software.

OCT-angiography has demonstrated a range of retinal vascular changes, including
enlargement of the foveal avascular zone (FAZ) and reduced macular vessel density, in
diabetic retinopathy [80,81] but also specifically in patients with recent SARS-CoV-2 in-
fection [62–75]. For our study we chose outcome measures to reflect a comprehensive
but relevant assessment based upon previous research and clinical experience. The final
measured parameters are listed in Table 1.

Table 1. Parameters evaluated in the analysis of optical coherence tomography-angiography
(OCT-A) images.

10 × 10 mm Image 4 × 4 mm Image

Mean large vessel intensity Mean capillary intensity
Mean capillary intensity Percentage capillary network (vessel density)

Percentage capillary network (vessel density) Area of the foveal avascular zone (FAZ)
Total area of ischaemia Circularity of the foveal avascular zone (FAZ)

Large vessel and capillary intensity refer to the amount of blood flow through the large
and capillary vessels, respectively. The percentage capillary network or vessel density is an
index of vascularity, indicating the retinal area occupied by vessels divided by the total retinal
area. Foveal avascular zone (FAZ) refers to the foveola and immediate parafoveal retina which
lacks capillaries, relying on blood supply from the choriocapillaris. In addition to enlargement
of the area of the FAZ, distortion of its circularity has also been observed in DR [82], leading us
to examine this parameter to investigate the retinal microvasculature in detail.

To perform image analysis, OCTAVIA has two distinct processes, using both 4 × 4 and
10 × 10 images, shown in Figure 2. The software firstly inputs the subject’s 10 × 10 mm
macular image, followed by the OCT-A machine’s own in-built proprietary binary inter-
pretation of the same image. This process is repeated for the 4 × 4 mm foveal image. The
4 × 4 mm image allows for greater detail of the foveal avascular zone (FAZ) aiding more
accurate measurement of its parameters. The proprietary binary images provide a template
for accurately deriving the SCP vasculature. Morphological processing techniques are
utilised to distinguish between larger and smaller vessels and thresholds applied onto
processed images to identify low-intensity i.e., ischaemic areas. The large and capillary
vessel intensity is measured by measuring the intensity of the pixels within the skeletonised
vessels. During the initial software development phase, it became apparent that small vit-
reous opacities can cause darkened patches on the OCT-A images. To prevent the software
misinterpreting areas of such low signal, including the optic disc, as ischaemia, the func-
tionality to manually crop out these observed areas and the optic disc was integrated into
an initial pre-processing step. The final data are directly outputted to a central Microsoft®

Excel® spreadsheet by the software.
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Figure 2. Analysis of the macular 10 × 10 mm and 4 × 4 mm optical coherence tomography-
angiography (OCT-A) images performed by our inhouse software. (a) 10 × 10 mm macular OCT-
Angiography image of the right eye. (b) Binarisation of the 10 × 10 mm macular OCT-A image as a
processing step. (c) Final segmentation of the image following removal of optic disc and the central
4 × 4 mm area which was analysed in separate dedicated 4 × 4 mm images (d) 4 × 4 mm macular
OCT-Angiography image of the right eye. (e) Binarisation of the 4 × 4 mm macular OCT-A image.
(f) Final segmentation of the 4 × 4 mm image with parafoveal and perifoveal zones highlighted.

2.4. Statistical Methodology

The sample size for this study was calculated based on data collected in a previ-
ous study on diabetic retinopathy and OCT-angiography [79] and is provided in full in
Appendix A, Appendix A.2 Sample size calculation. We opted to calculate the sample
size using data from a cohort of patients with diabetic retinopathy because the alterations
observed in OCT-A studies in patients with diabetic retinopathy are comparable to those
seen in the early stages of COVID-19 infection, such as the enlargement of the FAZ [80]. A
minimum of 31 participants in each group were calculated. Therefore, we aimed to have
40 participants in each of our study cohorts (PCS and controls).

Statistical analyses were performed using jamovi (version 2.3) [83]. Normality was
assessed using the Shapiro–Wilk test, histograms, and Q-Q plots. Quantitative variables
following a normal distribution were studied with Student t-tests, while those without a
normal distribution were analysed using the Mann–Whitney U-test. The adjusted p value
was set at <0.00357 after Bonferroni correction for 14 study parameters. A linear regression
was also undertaken, evaluating the effect of dependent variables including age, gender,
and length of time since initial COVID-19 infection on a key outcome variable mean
capillary intensity (10 × 10 mm OCT-A image).

3. Results

3.1. Demographic Distribution

A total of 80 eyes of 80 patients were included in this study (44 right eyes and 36 left
eyes). There were 40 patients included in the group with post-COVID-19 syndrome and
40 controls. The PCS group was comprised of 31 females and 9 males, with an average age
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of 47.8 ± 10.4 years. Ethnic distribution consisted of thirty-five Caucasians, two Asians,
one Black Caribbean and one Mixed Caucasian and Black Caribbean participant. Clinical
assessment including clinical history, visual acuity measurement, OCT and OCT-A imaging
was conducted at an average of 15.2 ± 6.9 months (range 3–32 months) after the initial SARS-
CoV-2 infection. The control group was comprised of twenty-seven females and thirteen
males, with an average age of 44.0 ± 14.6 years. Ethnic distribution consisted of thirty-four
Caucasians, five Asians, and one Black African participant. No significant differences in
age (p = 0.107) or sex (p = 0.317) distribution were found between the two groups. The
mean LogMAR visual acuity was −0.0045 ± 0.168 in the PCS cohort, and 0.01652 ± 0.137 in
the control subjects (p = 0.302). The average quality of the OCT-angiography 10 × 10 mm
images was 7.40 ± 0.67 in the PCS cohort and 7.55 ± 0.64 in the controls (p = 0.465). Average
quality of 4 × 4 mm images was 7.68 ± 0.76 in the PCS group and 7.83 ± 0.90 in the controls
(p = 0.465). The quality of the SD-OCT macula images was 8.18 ± 0.82 in the PCS group
and 8.24 ± 0.65 in the controls (0.779). Further details can be found in Table 2.

Table 2. Demographic details and analysis of participants in the post COVID-19 syndrome (PCS) and
control cohorts.

Total PCS Group Control Group Statistical Test
Significance
p < 0.00357

No. of Patients 80 40 40
Chi Squared test 0.317Female 58 31 27

Male 22 9 13

Mean SD Mean SD

Age 47.80 10.40 44.00 14.60 Mann-Whitney U test 0.107

LogMAR Visual Acuity −0.0045 0.168 +0.0165 0.137 Mann-Whitney U test 0.302

OCT-A 10 × 10 mm Quality 7.40 0.67 7.55 0.64 Mann-Whitney U test 0.368

OCT-A 4 × 4 mm Quality 7.68 0.76 7.83 0.90 Mann-Whitney U test 0.465

SD-OCT Macula Quality 8.18 0.82 8.24 0.65 Mann-Whitney U test 0.779

Post COVID-19 syndrome, PCS; Standard Deviation, SD; Logarithm of the Minimum Angle of Resolution,
LogMAR; Optical coherence tomography-angiography, OCT-A; Spectral-domain optical coherence tomography,
SD-OCT. Note: Ha μ Control �= μ PCS—The two-tailed alternative hypothesis for this study was that there is a
significant difference in the measured parameters between the participants with post COVID-19 syndrome (PCS)
and healthy control subjects.

3.2. Clinical History

Participants in the PCS cohort with notable past medical histories included six obese
participants, eight asthmatic individuals, six with obstructive sleep apnoea, and one with
fibromyalgia. Neither the controls nor any of the PCS cohort participants had a history of
diabetes or hypertension. Only one patient in the cohort had a history of prior hospitalisa-
tion for COVID-19 pneumonia, with the remainder having had a mild COVID-19 infection
which did not require any inpatient or outpatient treatment.

The most prevalent symptoms of post-COVID-19 syndrome identified during clinical
history taking were fatigue (30/40), dyspnoea (23/40) of which 4/23 reported exertional
dyspnoea, cognitive dysfunction termed “brain fog” (16/40), and palpitations (15/40). Four
patients had been diagnosed with paroxysmal orthostatic tachycardia syndrome (POTS).
Interestingly, 3/40 patients reported intermittent visual disturbance and 11/40 expressed
presence of dry eyes. Table 3 provides further details on the PCS cohort’s clinical symptoms,
categorised by physiological systems, adapted from a comprehensive review of PCS by
NICE guidelines [84].
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Table 3. Categories of clinical symptoms of post-COVID-19 syndrome according to physiological systems.

Physiological
System

Clinical Symptoms

Systemic Fatigue Dizziness Fever

30 5 0

Cardiopulmonary Dyspnoea Chest Pain Palpitations Pericarditis
23 8 15 1

Upper Respiratory Blocked Nose Cough Sore Throat Voice
Changes

Laryngeal
Disorders *

0 4 0 1 2

Gastrointestinal Nausea Vomiting Diarrhoea Appetite
Changes

Abdominal
Pain Weight Loss

1 0 0 0 1 1

Musculoskeletal Joint Pain Muscle Pain Worsened
Mobility

3 3 0

Neurological Or
Neuromuscular

Headache Hyposmia/
Anosmia

Hypogeusia/
Ageusia Paraesthesia

10 3 3 1

Psychological Anxiety Depression
Post-Traumatic
Stress Disorder

(PTSD)

Sleep
Disturbances

1 2 0 2

Neurocognitive

Cognitive
Dysfunction i.e.,

Brain Fog (Reduced
Memory And/Or

Concentration)

Cognitive
Impairment Confusion

16 0 0

Ophthalmic Vision Disturbances Dry Eyes
3 11

Auditory Reduced Hearing Tinnitus
1 1

Other Hair Loss
Post-

Menopausal
Bleeding

Restless Legs

0 1 1

* Sensation of Intermittent Laryngeal Obstruction; Coughing Hypersensitivity Related Inducible Laryngeal
Obstruction.

3.3. OCT-Angiography Image Analysis

All 80 eyes were processed successfully through the OCTAVIA image analysis system,
which provided output metrics as planned. No clinically observable significant macro- or
micro-vascular abnormalities were detected in either participant groups by a retinal special-
ist (TA). The results indicated that there were no statistically significant differences between
the PCS and control cohort in any of the SCP measures in the 10 × 10 images in terms of
the mean large vessel intensity (p = 0.588), mean capillary intensity (p = 0.099), mean vessel
densities (p = 0.103) and the total area of ischaemia (p = 0.541). In the 4 × 4 images also,
no statistically significant differences were noted between the PCS and control cohort in
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relation to the mean vessel densities (p = 0.895), area of the FAZ (p = 0.399), and circularity
of the FAZ (p = 0.319).

During the study, a required remote OCT-A software upgrade occurred. Although
there was no visible effect on clinical examination of the image, we explored impact of this
on images and there appeared to be a possible subtle change in values of the mean capillary
intensities on 4 × 4 images but of no other parameters. Therefore, for the purposes of
inter-cohort and intra-cohort analysis of the mean capillary intensity (4 × 4 mm images)
only individuals recruited from December 2021 (PCS cohort n = 20, control cohort n = 26)
have been included. The mean capillary intensity was measured as 139.25 ± 4.32 in the
PCS cohort, and 140.51 ± 6.03 in the controls (p = 0.350). Further details are illustrated in
Table 4.

Table 4. Analysis of optical coherence tomography-angiography (OCT-A) parameters in the post-
COVID-19 syndrome (PCS) cohort compared with the control cohort.

Shapiro-Wilk Statistical Test Statistic df p < 0.00357

Cohort
Category

N Mean SD W p

Mean Large Vessel Intensity
(10 × 10 mm)

PCS 40 225.133 2.978 0.967 0.298
Student’s t

0.5435 78.0 0.588
Control 40 225.480 2.739 0.965 0.243

Mean Capillary Intensity
(10 × 10 mm)

PCS 40 136.504 5.687 0.887 <0.001 Mann-Whitney U 628 0.099
Control 40 134.035 3.850 0.986 0.890

Percentage Capillary Network
(Vessel Densities) (10 × 10 mm)

PCS 40 45.637 1.296 0.978 0.632 Mann-Whitney U 630 0.103
Control 40 44.934 1.827 0.827 <0.001

Total Area of Ischaemia
(10 × 10 mm)

PCS 40 203.400 680.847 0.342 <0 .001 Mann-Whitney U 763 0.541
Control 40 198.000 683.638 0.331 <0.001

Percentage Capillary Network
(Vessel Densities) (4 × 4 mm)

PCS 40 41.192 1.240 0.986 0.888 Student’s t −0.1327 78.0 0.895
Control 40 41.147 1.746 0.950 0.073

Mean Capillary Intensity
(4 × 4 mm)

PCS 20 139.245 4.323 0.949 <0.359 Mann-Whitney U 217 0.350
Control 26 140.512 6.028 0.795 <0.001

Area of Foveal Avascular Zone
(FAZ) (4 × 4 mm)

PCS 40 1917.725 405.880 0.573 <0.001 Mann-Whitney U 715 0.399
Control 40 1925.050 389.784 0.589 <0.001

Circularity of Foveal Avascular
Zone (FAZ) (4 × 4 mm)

PCS 40 0.897 0.194 0.702 <0.001 Mann-Whitney U 699 0.319
Control 40 0.869 0.202 0.775 <0 .001

Post COVID-19 syndrome, PCS; Standard Deviation, SD; Shapiro Wilk test statistic, W; Degrees of Freedom, df.
Note: Ha μ Control �= μ PCS—The two-tailed alternative hypothesis for this study was that there is a significant
difference in the measured parameters between the participants with post COVID-19 syndrome (PCS) and healthy
control subjects.

3.4. OCT Analysis
3.4.1. Macular RNFL and GCL Thickness

An analysis of SD-OCT-macula images was performed in 39 participants with PCS and
34 controls following exclusion of images of inferior quality. Although increased thickness
of the mean outer, inner, and foveal segments of the mRNFL was noted in the PCS cohort
compared to the controls, the differences were not statistically significant. Furthermore, a
reduction in the thickness of the outer and inner segment of mGCL was observed in the
PCS cohort compared to the control cohort, however these findings were not statistically
significant. Details provided in Table 5.
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Table 5. Analysis of the thickness (microns) of the macular retinal nerve fibre layer (RNFL) and ganglion
cell layer (GCL) in the post COVID-19 syndrome (PCS) group (n = 39) and control group (n = 34).

Shapiro-Wilk Test Statistical Test Statistic df p < 0.00357

Mean Thickness
(Microns)

Cohort
Category

Mean SD W p

Mean Outer
Segment mRNFL

PCS 36.11 5.23 0.930 0.018 Mann-Whitney U 617 0.615
Control 35.31 4.66 0.978 0.698

Mean Inner Segment
mRNFL

PCS 21.71 2.30 0.959 0.166 Student’s t 1.1007 71.0 0.275
Control 21.18 1.78 0.945 0.085

Foveal (Central)
Segment mRNFL

PCS 8.67 1.90 0.913 0.005 Mann-Whitney U 654 0.920
Control 8.65 2.52 0.928 0.027

Mean Outer
Segment mGCL

PCS 30.34 3.48 0.973 0.454 Mann-Whitney U 599 0.479
Control 31.63 5.05 0.706 <0.001

Mean Inner Segment
mGCL

PCS 50.42 5.96 0.946 0.058 Mann-Whitney U 645 0.842
Control 50.95 5.91 0.931 0.033

Foveal (Central)
Segment mGCL

PCS 19.85 5.94 0.865 <0.001 Mann-Whitney U 638 0.786
Control 19.35 5.71 0.965 0.328

Post COVID-19 syndrome, PCS; Macular Retinal Nerve Fibre Layer, mRNFL; Macular Ganglion Cell Layer, mGCL;
Standard Deviation, SD; Shapiro Wilk test statistic, W; Degrees of Freedom, df. Note: Ha μ Control �= μ PCS—
The two-tailed alternative hypothesis for this study was that there is a significant difference in the measured
parameters between the participants with post COVID-19 syndrome (PCS) and healthy control subjects.

3.4.2. Neurocognitive Symptoms and Macular RNFL and GCL Thickness

Within the PCS cohort, we evaluated the thickness of the macular RNFL and GCL
segments in patients with ongoing neurocognitive symptoms, encompassing cognitive
dysfunction i.e., brain fog and headaches (n = 24) compared with PCS participants without
these symptoms (n = 15). No statistically significant differences were noted in the thickness
of the macular RNFL or GCL segments within these sub-groups, described in Table 6.

Table 6. Analysis of the thickness (microns) of the macular retinal nerve fibre layer (RNFL) and ganglion
cell layer (GCL) in patients with post COVID-19 syndrome (PCS) and neurocognitive symptoms (n = 24)
compared to post COVID-19 syndrome patients without neurocognitive symptoms (n = 15).

Shapiro–Wilk Statistical Test Statistic df p < 0.00357

Mean Thickness
(Microns)

Neurocognitive
Symptoms

Mean SD W p

Mean Outer
mRNFL

Y 36.15 5.62 0.861 0.003 Mann-Whitney U 167 0.707
N 36.05 4.74 0.939 0.367

Mean Inner mRNFL
Y 21.79 2.35 0.917 0.050

Student’s t
0.2722 37.0 0.787

N 21.58 2.28 0.957 0.647

Foveal (Central)
mRNFL

Y 8.88 1.73 0.906 0.029 Mann-Whitney U 157 0.510
N 8.33 2.16 0.926 0.234

Mean Outer mGCL
Y 30.61 3.10 0.929 0.091 Student’s t 0.6193 37.0 0.540
N 29.90 4.09 0.954 0.581

Mean Inner mGCL
Y 50.80 5.47 0.935 0.127 Student’s t 0.5056 37.0 0.616
N 49.80 6.83 0.934 0.315

Foveal (Central)
mGCL

Y 20.54 5.16 0.870 0.005 Mann-Whitney U 129 0.140
N 18.73 7.06 0.823 0.007

Macular Retinal Nerve Fibre Layer, mRNFL; Macular Ganglion Cell Layer, mGCL; Neurocognitive symptoms
present, Y; Neurocognitive symptoms not present, N; Standard Deviation, SD; Shapiro Wilk test statistic, W;
Degrees of Freedom, df. Note: Ha μ Y �= μN—The two-tailed alternative hypothesis was that there is a significant
difference in the measured parameters between the participants with post COVID-19 syndrome (PCS) with
neurocognitive symptoms and those without neurocognitive symptoms.
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3.5. Linear Regression

Linear regression analysis was undertaken to evaluate the effect of age, gender, and
length of time since COVID-19 infection on mean capillary intensity (10 × 10 OCT-A
image), a key measure of retinal microvasculature examined in our study. No significant
relationships were observed with respect to the above independent variables on the mean
capillary intensity (age, p = 0.922; gender, p = 0.966; length since initial infection, p = 0.332).
This has been demonstrated below in Table 7.

Table 7. Linear regression analysis of independent variables (age, gender, length since initial infection)
and dependent variable, mean capillary intensity, measured on 10 × 10 mm optical coherence
tomography-angiography (OCT-A) Image.

Model R R2

1 0.164 0.0288

Normality Test (Shapiro–Wilk) Statistic (W) p
0.928 0.014

Independent Variables Estimate SE t p
Intercept ª 139.061 5.3596 25.7593 <0 .001

Age 0.00954 0.0967 0.0986 0.922
Gender:

F—M 0.09885 2.3094 0.0428 0.966
Length Since Initial COVID-19 Infection −0.13636 0.1387 −0.9832 0.332

Correlation between the independent and the dependent variable, R; The proportion of variance in the dependent
variable that can be explained by the independent variable, R2; Normality of the dependent variable, Shapiro–Wilk
Statistic (W) and p value; Reference Level, Intercept ª; Standard Error, SE; The number of standard errors the
estimated coefficient is away from the hypothesised value, t; Determines if there is a significant relationship
between an independent and dependent variable in the model, p.

4. Discussion

Post-COVID-19 syndrome has been linked to a persistent impairment of the systemic
microvasculature. This study explored the retinal microvasculature network as a potential
window into the pathophysiology of post-COVID-19, considering the known homology of
the retinal vascular bed with systemic diseases.

We used custom-designed image analysis algorithms to assess a range of features using
the most modern retinal imaging techniques including OCT and narrow and wide-field
OCT-A imaging, in patients with and without post-COVID-19 syndrome. Our study shows
that there were no significant differences found in any of the comprehensive measures used
between our populations of people with and without this syndrome. There were no defects
or abnormalities detected in the OCT of retinal layers or OCT-A of retinal vasculature.

Most studies discussing OCT-A in relation to COVID-19 primarily concentrate on
patients who were hospitalised and/or treated for COVID-19 during the early stages of
recovery from the infection as opposed to those experiencing post-COVID-19 syndrome
(PCS). As a result, any inferences about persistent changes in the retina may be limited in
their generalisability. A prominent finding in these studies has been the reduction in the
central vessel density (VD) in patients with COVID-19 infection as compared to control
patients [62–75].

Further studies entailing a slightly longer length of time between initial infection and
imaging comprise of a duration of 3 month [71], up to 4 months [72], 6 months [73,74],
with the longest follow-up being at 8 months post-infection [75]. The key findings were of
reduced VDs in the superficial [71–75], deep [71–73,75], and radial peripapillary plexi [73],
GCL thinning [74], parafoveal RNFL thinning [73,74] and FAZ enlargement [72,74,75].

In contrast to the studies above, the patients in our study cohort had a longer length
of time since initial SARS-CoV-2 infection (15.2 ± 6.9 months (range 3–32)). Our analyses
did not demonstrate any significant reduction in vessel densities or intensities in the SCP
nor any differences in the area of the FAZ. The results of our investigation are encouraging,
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therefore, as they may indicate that any alterations in the retinal vasculature of individuals
with a recent COVID-19 disease may not necessarily be long-term.

Alternatively, our negative findings may be due to our particular cohort—Other
studies have been performed on patients with a moderate-severe SARS-CoV-2 infec-
tion [62–65,67,70,71,73–75] whilst in our study almost all participants had experienced a
milder form of the disease which did not require hospitalisation and/or outpatient treatment.

A similar narrative to OCT-A research can be seen when assessing literature on struc-
tural OCT changes. Mavi et al. found statistically significant changes with higher central
foveal, mean outer nuclear layer, and mean peri-papillary RNFL thickness in the post
COVID-19 patients compared to normal [85]. Ugurlu et al. also examined SD-OCTs of
129 patients with COVID-19 infection 29 to 45 days following a positive PCR test, with
findings of a statistically thinner macular RNFL and GCL layer in COVID-19 patients with
neurological symptoms during the acute infection compared to those with non-neurological
symptoms, no symptoms/pauci-symptoms, and control subject [86]. Interestingly, Taskiran-
Sag et al. studied 40 patients 113 ± 62 (SD) days after recovering from acute COVID-19
infection. Within the COVID-19 recovered cohort, significantly reduced GCL thickness
were found in patients with symptoms of cognitive disturbance and headaches [87]. More
recently, Kanra et al. examined 34 eyes of 20 patients with neurological symptoms 4.3 ± 2.7
(range, 1–12) months following the initial COVID-29 infection. Thinning of the macular
RFNL, the GCL, and inner plexiform layer (IPL) segments were noted [88]. In our study,
analysis of the SD-OCT of 39 PCS and 34 control subjects did not demonstrate any dif-
ferences in the mRNFL and mGCL between PCS and control cohorts. Furthermore, no
distinguishable results were noted within the PCS cohort in patients with and without
neurocognitive symptoms. It is therefore possible that structural changes noted in the
retinal layers post-COVID-19 infection may not persist long-term. A summary of stud-
ies pertaining to OCT-A and OCT studies in COVID-19 can be found in Appendix B,
Tables A5 and A6.

We opted to analyse OCT-A images of the superficial retinal plexus, noting the clinical
importance of this region and improved quality of imaging compared to intermediate or
deep plexi as well as its predominance as a focus of analysis in other publications. However,
Schlick et al. recently explored the retinal microvasculature of patients with post-COVID-19
syndrome using OCT-Angiography and found significant changes in the intermediate
capillary plexus (ICP), as compared to the controls [89]. Future studies may benefit from
attention to improved imaging of intermediate and deeper plexi to assess if this effect is
seen longer term.

Overall, no long-term structural changes were noted in the retinal microvasculature
pertaining to the SCP, and the thickness of the RNFL and GCL layers within our PCS cohort.
Our PCS cohort comprised of patients with a predominantly mild initial COVID-19 illness,
no underlying conditions known to affect the retinal microvasculature such as diabetes
or hypertension, with an extended length of time since the initial infection. Therefore,
our results should be interpreted with this in mind when comparing to other studies.
Further examination with improved imaging of the intermediate and deep plexi and the
choriocapillaris, as well as recruitment of patients with varying severity of initial disease,
could further enhance our understanding of the long-term implications of COVID-19 on
the retinal microvasculature in different patient groups.

SARS-CoV-2 enters cells by binding to angiotensin-converting enzyme 2 (ACE2),
downregulating its activity and causing a disruption in the signalling effects of Angiotensin
II and its receptor (Angiotensin II type 1 receptor, AT1). This leads to an accumulation
of Angiotensin II, resulting in vasoconstriction, inflammation, cellular differentiation and
growth, endothelial dysfunction, formation of reactive oxidative species (ROS), and mi-
crovascular thrombosis [90]. ACE2 is expressed within multiple retinal tissues, including
the vascular endothelium, making it susceptible to Ag II/AT1 signalling effects and the
resulting activation of the caspase 1/inflammasome pathway, responsible for the release of
inflammatory cytokines [91]. Additionally, both dysregulation of the renin-angiotensin-
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aldosterone system (RAAS) and inflammation have been elucidated in the aetiology of
post-COVID-19 syndrome [5]. No protracted alterations in the retinal microvasculature
and structural layer thickness were observed in our study group following COVID-19
infection. We postulate that retinal microvascular alterations noted in the acute period
post-SARS-CoV-2 infection might be predominantly ascribed to pro-inflammatory mecha-
nisms linked to Angiotensin II. During a profound COVID-19 infection, compounded by
additional co-morbidities, this response may be amplified. This is supported by studies
demonstrating increased severity and mortality of COVID-19 in patients with diabetes,
hypertension, and cardiovascular disease [92]. Additionally, COVID-19 disease severity
has been found to affect the presence of retinopathy as a higher incidence was reported
in moderate to severe disease [51,91,93]. Therefore, it is possible that, in the presence of a
diminished disease severity, no underlying comorbidities, and as the duration since the
initial infection extends, these inflammatory changes subside, without the occurrence of
long-term ischaemic damage.

Our study was limited predominantly by challenges in imaging and defining study
populations. Due to the immobility of the ophthalmic imaging apparatus, participant
recruitment faced limitations as individuals were required to visit our facility instead
of us conducting assessments at their respective respiratory clinics. Challenges were
also encountered in image acquisition of the participants, especially with PCS due to
the debilitating symptoms encompassing the disease, including dyspnoea, fatigue, and
dry eyes. Movement of the head up and down due to dyspnoea posed limitations in
maintaining a still stature whilst imaging was undertaken. Dry eyes significantly increased
the participants’ blink frequency, and despite provision of lubricants, interfered with
image acquisition. Fatigue resulted in easy tiring during imaging, reducing the number of
repetitions which could be utilised to capture high quality images. These challenges were
further compounded by a required imaging software update that led to potential changes
in specific scans which were not visible clinically but excluded them from image analysis.
In order to address these expected challenges in imaging, we dedicated some time at the
beginning of the study to explore different imaging techniques with the OCT-A camera
and developed a protocol that was standardised yet gave the best possible results for both
cohorts of patients. We incorporated software routines for example to negate the effect
of artefacts including vitreous aberrations that could obscure some regions of wide field
OCTA imaging. Therefore, despite imaging challenges, we are confident that the images
that were ultimately accepted into analysis in our study were all of adequate quality in
both groups.

We defined patients as clearly as possible as those with a clinical diagnosis of post-
COVID-19 syndrome, who were all recruited from specialist clinics designed to treat these
patients. However, we recognised the heterogeneity of patients within this group. In
addition, due to practical restrictions, our control sample included patients who have had
COVID-19 infection but did not develop post COVID-19 symptoms. Ideally, we would
have benefitted from comparing against patients who had not had a previous COVID-19
infection. Furthermore, in an ideal situation we would have compared the scans of patients
with post-COVID-19 syndrome to scans they had prior to their infection. Again, this was
not possible for practical reasons within the confines of this study.

This study is distinguishable within the literature due to a multitude of reasons. To
our knowledge, it is the longest study examining the effects of SARS-CoV-2 on retinal
tissues in patients up to 32 months following initial acute infection, particularly those who
continue to suffer with symptoms of post-COVID-19 syndrome. Furthermore, our work is
distinct as our in-house specially designed image analysis software, OCTAVIA, provides a
comprehensive analysis of the data obtained from OCT-A imaging, with evidence for its
reliability and validity. Parameters beyond the vessel densities are obtained, providing
in-depth detail on the microvasculature of the retina, including vessel intensities, presence
of ischaemia, and FAZ area and circularity measures.
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5. Conclusions

In this study, we have demonstrated that there were no statistically significant differ-
ences in the retinal microvasculature of patients with post-COVID-19 syndrome compared
to healthy cohorts. Furthermore, no significant structural differences were observed in
the macular retinal nerve fibre layer (RNFL) and ganglion cell layer (GCL) of the study
participants. The findings of this study indicate that despite an extensive investigation
in patients with post-COVID-19 syndrome, there were no long-term structural signs of
damage after detailed analysis of this accessible microvasculature bed that is known to
have homology with systemic vasculature. This may serve as some positive reassurance
for patients experiencing ongoing symptoms of PCS.
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Appendix A

Appendix A.1. Reliability and Validity of the Software

To verify the utility of the OCTAVIA software, we appraised the reliability by as-
sessing its automated large vessel intensity measurement in the 10 × 10 mm images of
20 participants on two separate occasions by the same examiner (T.A., a medical retina
consultant). This included the manual pre-processing steps involving removal of artefacts.
Data is shown below in Table A1.

A Pearson correlation coefficient between the two sets of measurements of 0.9963 was
found, demonstrating excellent reliability. A Bland-Altman plot to graphically examine the
repeatability was also plotted, shown in Figure A1, which also indicated high reliability.
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Using jamovi, additional reliability statistics were obtained which were also found to be
supportive of our results (Cronbach’s α score of 0.998 and McDonalds’s ω score of 0.997).

Table A1. Measurement of large vessel intensities in the 10 × 10 mm OCT-A images of 20 participants,
calculated twice to evaluate reliability.

OCTAVIA1 OCTAVIA2 Mean Difference

1 200.2152 200.8782 200.546715 −0.66295
2 214.7086 214.2896 214.4990603 0.418981
3 214.8738 215.4842 215.1789925 −0.61038
4 226.5071 226.0975 226.3023362 0.409616
5 224.3287 225.3507 224.8396983 −1.02203
6 213.7813 213.7845 213.7829488 −0.0032
7 223.4939 223.8539 223.6739096 −0.36005
8 216.0177 216.0692 216.0434456 −0.05153
9 215.3221 215.9063 215.6141776 −0.58424

10 217.7659 218.0761 217.9210217 −0.31021
11 212.5384 213.0391 212.7887705 −0.50068
12 216.6652 216.777 216.7211303 −0.11176
13 216.6811 216.6882 216.6846339 −0.00713
14 213.7026 213.9167 213.8096195 −0.2141
15 218.6594 217.7792 218.2192833 0.880265
16 220.9376 221.0125 220.9750348 −0.07491
17 217.0157 216.9396 216.9776428 0.076176
18 217.3771 217.8395 217.608298 −0.46247
19 213.694 213.1311 213.4125719 0.562955
20 218.2591 218.2816 218.2703393 −0.02244

Figure A1. A Bland-Altmann plot demonstrating the difference between the results measuring large
vessel intensities using the OCTAVIA software on two occasions by the same assessor.

To measure the validity of the OCTAVIA software, Image J was utilised to manually
measure the area of the FAZ, comparing this with the measure outputted from the auto-
mated OCTAVIA software in the same 20 participants. Data is shown below in Table A2.
This was demonstrated in a scatterplot, Figure A2, illustrating that the line of best fit for
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the relationship between the manual and automatic measurements was not significantly
different from the 1:1 line (where a perfect match of both measurements would lie).

Table A2. Measurement of the area of the foveal avascular zone (FAZ) using the OCTAVIA software
vs manual assessment utilising image J.

OCTAVIA Image J

1 0.005788 0.005673325
2 0.0212 0.0227944
3 0.014488 0.01531618
4 0.026428 0.027984508
5 0.017475 0.01882717
6 0.006208 0.00685339
7 0.019427 0.02044105
8 0.007463 0.00819081
9 0.008405 0.00898651

10 0.017428 0.0184428
11 0.007847 0.0070062
12 0.007238 0.007172576
13 0.022608 0.02153121
14 0.004226 0.004765234
15 0.00386 0.00383916
16 0.009413 0.009449548
17 0.004861 0.004664085
18 0.011756 0.010274797
19 0.005088 0.005610388
20 0.011491 0.011762485

Figure A2. A scatterplot demonstrating the measurements of the area of the foveal avascular zone
(FAZ) using Image J and the OCTAVIA software, outlining the relationship between a line of best fit
compared to the 1:1 line.

An additional evaluation of validity was performed by comparing the measurement
of mean large vessel intensities in 10 × 10 mm OCT-A images outputted by the OCTAVIA
software with manual measurements made using large vessel data points in MATLAB®®

2021. In the 10 × 10 mm OCT-A images of 20 study participants, three large vessels were
selected, and data corresponding with vessel intensity was obtained by selecting two points
at the centre of the vessel and two near the margin in each vessel. The data was noted in
a Microsoft® Excel® spreadsheet and a total average was calculated to compare against
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OCTAVIA measurements, shown in Table A3. The results are also demonstrated in a scatter
plot, Figure A3, illustrating no significant differences between the line of best fit and 1:1 line.

Table A3. Data points corresponding with vessel intensities measured in three large vessels in the
10 × 10 mm OCT-A images of 20 participants using MATLAB, compared with measurements from
the OCTAVIA algorithm.

Large Vessel 1 Large Vessel 2 Large Vessel 3
Manual
Average

OCTAVIA

Centre Centre Margin Margin Centre Centre Margin Margin Centre Centre Margin Margin

1 1 0.929412 0.709804 0.788235 0.92549 1 0.815686 0.792157 0.941176 1 0.85098 0.839216 0.882679667 0.885820538
2 0.913725 1 0.878431 0.768627 0.933333 0.835294 0.898039 0.890196 0.92549 1 0.85098 0.843137 0.894771 0.893043548
3 0.894118 0.945098 0.745098 0.996078 0.933333 0.733333 0.803922 0.913725 0.901961 1 0.784314 0.964706 0.8846405 0.90166909
4 1 0.929412 0.72549 0.819608 0.866667 0.945098 0.8 0.941176 0.901961 1 0.854902 0.85098 0.8862745 0.889066606
5 1 0.933333 0.882353 0.831373 1 0.988235 0.823529 0.843137 0.878431 0.976471 0.803922 0.831372 0.899346333 0.893814466
6 1 0.964706 0.87451 0.752941 0.909804 0.917647 0.870588 0.843137 0.968627 0.929412 0.811765 0.764706 0.883986917 0.883226069
7 0.984314 0.835294 0.819608 0.882353 1 0.988235 0.847059 0.784314 1 0.972549 0.768627 0.784314 0.888888917 0.887244315
8 0.980392 1 0.796078 0.839216 1 0.905882 0.870588 0.709804 0.976471 0.811765 0.85098 0.741176 0.873529333 0.875732357
9 0.92549 1 0.764706 0.839216 1 0.886275 0.7333333 0.827451 0.972549 1 0.827451 0.752941 0.877451025 0.864223212
10 0.933333 0.898039 0.831373 0.879588 0.992157 0.964706 0.858824 0.803922 0.976471 0.972549 0.815686 0.752941 0.88996575 0.885640208
11 0.984314 0.960784 0.815686 0.776471 0.85098 1 0.831373 0.85098 0.905882 0.988235 0.713725 0.768627 0.870588083 0.868688789
12 1 0.945098 0.823529 0.827451 0.996078 0.992157 0.745098 0.784314 0.921569 0.992157 0.784314 0.847059 0.888235333 0.871880492
13 0.917647 0.968627 0.894118 0.780392 1 0.905882 0.898039 0.760784 0.811765 1 0.866667 0.72549 0.877450917 0.874451774
14 0.905882 0.886275 0.878431 0.870588 1 1 0.8 0.780392 0.905882 1 0.807843 0.717647 0.879411667 0.874872568
15 1 0.976471 0.878431 0.835294 0.976471 0.882353 0.760784 0.87451 0.968627 0.968627 0.796078 0.807843 0.89379075 0.893920821
16 0.87451 0.937255 0.835294 0.709804 0.937255 0.929412 0.847059 0.862745 1 0.972549 0.886275 0.784314 0.881372667 0.882249605
17 0.980392 1 0.878431 0.839216 1 0.94902 0.827451 0.752941 0.815686 0.894118 0.894118 0.823529 0.8879085 0.8875187
18 1 0.913725 0.85098 0.843137 0.968627 0.776471 0.87451 0.862745 0.956863 0.917647 0.737255 0.72549 0.868954167 0.862268732
19 1 1 0.815686 0.94902 0.996078 0.92549 0.764706 0.764706 1 0.866667 0.796078 0.917647 0.899673167 0.90460477
20 0.996078 1 0.890196 0.792157 0.882353 1 0.835294 0.745098 0.992157 1 0.768627 0.831373 0.894444417 0.897619232

Figure A3. A scatterplot demonstrating manual measurements of large vessel intensities in
10 × 10 OCT-A images compared with OCTAVIA software, outlining the relationship between
the line of best fit and 1:1 line.

Appendix A.2. Sample Size Calculation

The sample size for this study was calculated based on data collected in a previous
study on diabetic retinopathy and OCT-Angiography [79]. The method was as follows:

Typically, we set:
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α = 0.05 so Zα/2 = 1.960
β = 0.20 so Zβ/2 = 0.8416
which gives :
ng

.
= 2(zα/2 + zβ)2 ( σ

μ1−μ2
)2

.
= 2 × (1.960 + 0.8416)2 ( σ

μ1−μ2
)2

.
= 2 × 7.849 ( σ

μ1−μ2
)2

σ is the population standard deviation. μ1−μ2 is the smallest difference with sci-
entific significance. The sample size for this study is based on the sample size for the
key metric, mean capillary intensity. The mean capillary intensity of a normal patient
from the study was 98.69, shown in Table A4, with σ = 6.23. The difference between
mean capillary intensities in Normal vs Diabetic patients with no retinopathy suggested
a clinically important difference in this metric, μ1−μ2 = 98.69−94.22 = 4.47. Therefore:
2 × 7.849

( 6.23
4.47

)2
= 30.49 ≈ 31. A minimum of 31 in each group was needed, hence, we

aimed to have 40 participants in each of our study cohorts (PCS and controls).

Table A4. Table excerpt from Aslam et al.’s study of optical coherence tomography angiography in
diabetic retinopathy [79] demonstrating the strategy utilised in the calculation of sample size for
this study.

Variable Statistic Normal, N (n = 49)
Diabetic No Retinopathy,
DnR (n = 50)

Diabetic with
Retinopathy, DR (n = 53)

Sex Male 32, Female 17 Male 36, Female 14 Male 43, Female 10

Age Mean (SD) 57.14 (13.56) 61.06 (12.77) 58.38 (13.06)
Median 57.0 61.5 60

Best Corrected Visual
Acuity (BCVA)

Mean (SD) 85 (19.66) 96.36 (7.39) 86.17 (13.3
Median 95 95 90

Mean Vessel Intensity Mean (SD) 180.65 (6.43) 181.38 (6.04) 179.28 (7.45)
Median 182.0 183.5 181.0

Mean Capillary
Intensity

Mean (SD) 98.69 (6.23) 94.22 (5.41) 93.47 (6.03)
Median 99 95 94

Standard Deviation, SD.

Appendix B

A summary of studies examining OCT-A and SD-OCT images in patients following
COVID-19 Infection can be found in Tables A5 and A6.

Table A5. A summary of studies pertaining to OCT-Angiography and SD-OCT macula findings in
patients following COVID-19 infection.

Study
Time Following Initial
SARS-CoV-2 Infection

Severity of
Infection

Size (Case,
Control)

Key Findings (Statistically Significant)

OCT-Angiography: Studies Demonstrating Reduction in Vessel Densities in Patients with a History of COVID-19 Infection

Zapata et al.,
2022 [62] ≤90 days (3 months) Mild, Moderate,

Severe 24, 24, 21, 27
Reduced VDs in the SCP of patients with
moderate and severe disease, compared to

mild disease and control subjects.
Turker et al.,

2021 [63]
7 days following

hospital discharge Moderate 27, 27 Reduced VD in SCP and DCP regions. No
difference in area of the FAZ.

Abrishami et al.,
2021 [64]

≥14 days following
recovery Moderate, Severe 31, 23 Reduced VD in the SCP and DCP. No

difference in area of the FAZ.
Gonzalez-Zamora

et al., 2021 [65]
14 days following
hospital discharge Severe 25, 25 Reduced VD in SCP and DCP regions.

Enlargement of FAZ area.
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Table A5. Cont.

Study
Time Following Initial
SARS-CoV-2 Infection

Severity of
Infection

Size (Case,
Control)

Key Findings (Statistically Significant)

Hazar et al.,
2021 [66]

≈30 days (1 month)
following hospital

discharge
Mild, Moderate 50, 55 Reduced VD in SCP and DCP regions. No

difference in area of the FAZ.

Guemes Villahoz
et al., 2021 [67]

88 days following
initial diagnosis Moderate, Severe 66 (19, 47), 29

Reduction in VDs in the SCP and reduced
perfusion density in the fovea. No
difference in the area of the FAZ.

Rodman et al.,
2021 [68] - Mild 18, 18 Reduced VDs in regions of the SCP.

Yilmaz Cebi et al.,
2022 [69] 67–86 days Mild, Moderate 52, 42 Reduced VDs in SCP and DCP.

Cetinkaya et al.,
2022 [70]

≈30 days following
hospital discharge Moderate 45, 45 Reduced VDs in SCP, DCP, and CC.

Abrishami et al.,
2022 [71]

7 days, 1 month,
3 months Moderate, Severe 18 (follow-up

study)
Reduced VDs in the SCP and DCP, no

difference in the area of the FAZ.
Nageeb Louz et al.,

2022 [72]
30–120 days
(1–4 months)

Mild, Moderate,
Severe 45, 45 Reduced VDs in the SCP, DCP, and

enlargement of FAZ.
Cennamo et al.,

2021 [73] 180 days (6 months) Moderate 40, 40 Reduced VDs in SCP, RPC, DCP. RNFL
thickness reduced.

Bilbao-Malave V
et al., 2021 [74]

6 months from hospital
discharge Severe 17 (follow-up

study)

Reduced VDs in SCP and DCP,
enlargement of FAZ, Thinner GCL

and RNFL.

Banderas Garcia S
et al., 2022 [75]

8 months after initial
infection

Mild, Moderate,
Severe 75, 19

Reduced VDs in the SCP and DCP of
patients with moderate and severe

disease, compared to mild disease and
control subjects. Enlargement of FAZ in

patients with more severe disease.

OCT-Angiography: Studies demonstrating no difference in vessel densities in patients with a history of COVID-19 infection

Savastano et al.,
2021 [93]

1 month following
hospital discharge Moderate 70, 22 No differences in VD and VP in the SCP

and DCP.

Szkodny et al.,
2021 [94]

1–4 months following
infection Mild, Moderate 156, 98

No differences in the VDs of the SVP, area
of the FAZ, macular RNFL thickness, and

central macular thickness.

Kal M et al.,
2022 [95]

8 weeks following
hospital discharge Severe 63, 45

No difference in the VDs in SCP or DCP
between the two groups. Reduced VD in

the foveal CC. Enlargement of area
of FAZ.

Chiosi F et al.,
2022 [96]

1 month following
recovery from infection

Mild, Moderate,
Severe 142, 60 No difference in the VDs in SCP. Reduced

VD in the DCP and CC.

OCT-Angiography: Studies demonstrating increase in vessel densities in patients with a history of COVID-19 infection

Naderi Beni A et al.,
2022 [58]

40–95 days following
initial infection Moderate 51, 37 Increased VDs in the SCP and DCP.

Increased peripapillary RNFL thickness.

OCT macula structural retinal findings in patients with a history of COVID-19 infection

Sim et al., 2021 [52] 16.1 ± 3.6 days Mild 108, 0
Microhaemorrhages, retinal vascular

tortuosity, cotton wool spots,
hyper-reflective plaques in the GCL-IPL.

Marinho et al.,
2020 [54] 11–33 days Mild to Moderate 12 Hyper-reflective plaques in the GCL-IPL,

cotton wool spots, microhaemorrhages.

Burgos-Blasco et al.,
2022 [57]

4 weeks following
recovery

Mild, Moderate,
Severe 90, 70

Increased peri papillary RNFL and
macular GCL thickness (more significant
in patients with anosmia and ageusia) and

decreased macular RNFL thickness.
Oren et al.,
2021 [59] 14–30 days Mild 35, 25 Increased central macular thickness,

decreased GCL and INL thickness.
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Table A5. Cont.

Study
Time Following Initial
SARS-CoV-2 Infection

Severity of
Infection

Size (Case,
Control)

Key Findings (Statistically Significant)

Mavi et al.,
2022 [85] 2–8 weeks Moderate

63 (30
hospitalised),

59

Increased central foveal, mean outer
nuclear layer, mean peri papillary RNFL

thickness.

Ugurlu A et al.,
2022 [86] 29–45 days Moderate, Severe 129, 130

No difference between COVID-19 and
controls. Thinner macular RNFL and GCL
in patients with neurological symptoms

within the COVID-19 cohort. Reduced VD
in SCP, DCP, RPCP, enlargement of FAZ

area, reduction of FAZ circularity in
symptomatic COVID-10 patients.

Taskiran-Sag et al.,
2022 [87]

113 ± 62 days
following recovery

from infection
Mild, Moderate 40, 40

No difference between GCL thickness
between COVID-19 and controls. Thinner

macular GCL in patients with
neuro-cognitive symptoms.

Choriocapillaris, CC; Cotton wool spots, CWS; Deep capillary plexus; DCP; Foveal avascular zone, FAZ; Ganglion
cell layer; GCL; Inner nuclear layer, INL; Inner plexiform layer, IPL; Retinal nerve fibre layer, RNFL; Radial peri
papillary capillary plexus, RPCP; radial peripapillary capillaries, RPC; Superficial capillary plexus, SCP; Vessel
density, VD; Vessel perfusion, VP.

Table A6. A Summary of studies pertaining to OCT-Angiography and SD-OCT macula findings in
patients with post-COVID-19 syndrome.

Study
Time Following Initial
SARS-CoV-2 Infection

Severity of Infection
Size (Case,
Control)

Key Findings
(Statistically Significant)

Kanra AY et al.,
2022 [88] 4.3 ± 2.7 months (1–12) Mild to Moderate 20, 23 Thinning in segments of the macular

RNFL, GCL, and IPL.

Schlick et al.,
2022 [89]

231 ± 111 days
(7.59 ± 3.65 months) - 173, 28

Reduced VDs in ICP, no difference in
SVP, DCP. Females with PCS had

lower VDs in SVP than males. PCS
participants with CF had lower VDs in

SVP than those without.

Ganglion cell layer, GCL; Inner Plexiform Layer, IPL; Intermediate capillary plexus, ICP; Post COVID-19 syndrome,
PCS; Retinal nerve fibre layer, RNFL; Vessel density, VD.
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Abstract: Optical Coherence Tomography (OCT) is an imperative symptomatic tool empowering
the diagnosis of retinal diseases and anomalies. The manual decision towards those anomalies by
specialists is the norm, but its labor-intensive nature calls for more proficient strategies. Consequently,
the study recommends employing a Convolutional Neural Network (CNN) for the classification
of OCT images derived from the OCT dataset into distinct categories, including Choroidal Neo-
Vascularization (CNV), Diabetic Macular Edema (DME), Drusen, and Normal. The average k-fold
(k = 10) training accuracy, test accuracy, validation accuracy, training loss, test loss, and validation
loss values of the proposed model are 96.33%, 94.29%, 94.12%, 0.1073, 0.2002, and 0.1927, respectively.
Fast Gradient Sign Method (FGSM) is employed to introduce non-random noise aligned with the
cost function’s data gradient, with varying epsilon values scaling the noise, and the model correctly
handles all noise levels below 0.1 epsilon. Explainable AI algorithms: Local Interpretable Model-
Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) are utilized to provide
human interpretable explanations approximating the behaviour of the model within the region
of a particular retinal image. Additionally, two supplementary datasets, namely, COVID-19 and
Kidney Stone, are assimilated to enhance the model’s robustness and versatility, resulting in a level
of precision comparable to state-of-the-art methodologies. Incorporating a lightweight CNN model
with 983,716 parameters, 2.37 × 108 floating point operations per second (FLOPs) and leveraging
explainable AI strategies, this study contributes to efficient OCT-based diagnosis, underscores its
potential in advancing medical diagnostics, and offers assistance in the Internet-of-Medical-Things.

Keywords: adversarial attacks; deep learning; health informatics; lightweight CNN; retinal image
classification

1. Introduction

The retina, situated at the posterior aspect of the ocular globe, comprises photoreceptor
cells adept at transducing luminous stimuli into intricate electrical signals, subsequently
dispatched to the cerebral cortex via the optic nerve. This intricate process serves as
the foundation for human visual perception, wherein the brain deciphers these electrical
transmissions as coherent visual representations. Retinal diseases can seriously affect vision
and in some cases, can lead to permanent blindness [1] which is a big problem for the
general health of the public. Getting a prompt and accurate diagnosis with the help of
automated tools is a great assist for medical specialists in making wise medical decisions.
The advancement of digital medical imaging has brought about a significant change in
ophthalmology as it has introduced effective technologies that help in the detection of such
diseases. By improving early detection through image analysis and identifying minuscule
anomalies, Artificial Intelligence (AI) has considerably coped with retinal diseases. AI
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has also enhanced treatment planning by analyzing patient data and enabling tailored
care. Additionally, AI-driven systems help track the development of diseases, resulting in
therapies that are more successful [2].

Different Machine Learning (ML) and Convolutional Neural Networks (CNNs) are
efficient at analyzing images and are particularly incredible at recognizing complex patterns
in medical images [3]. Their ability to diagnose complicated retinal diseases is efficient
without a doubt, but in medical practice, using CNNs depends not only on how well they
can diagnose the issues but also on how useful they are in places with limited computational
resources. Not only CNN, but different variants of CNN like ResNet [4], VGG [5] and more
have produced good accuracies statistically. These CNNs and their variants have a very
high number of training parameters, and many layers which make it time-consuming in
real-time predictions [6] and integration with the Internet-of-Medical-Things (IoMT) [7].

As AI technology advances, it has become essential to not only achieve better di-
agnostic abilities but also to understand how these AI systems make predictions and
decisions [8–10]. As these models can be hard to understand because of their statistical
nature making them black boxes [11], the addition of Explainable Artificial Intelligence
(XAI) into these models can solve the problem. The combination of small and efficient
CNN models in IoMT devices with XAI, as a bio-marker, helps retinal disease diagno-
sis to be more accurate and more accessible for medical experts, practitioners, and even
ordinary people.

To resolve all of these issues, this study aims to achieve the following three key objectives:

1. To develop an efficient CNN model with minimal parameters for detecting retinal
abnormalities such as CNV, DME, and Drusen using OCT datasets.

2. To incorporate Explainable Artificial Intelligence (XAI) methodologies such as Local
Interpretable Model-agnostic Explanations (LIME) and Shapley additive explanations
(SHAP) into the realm of clinical interpretation, with the aim of comprehending the
prediction by the Convolutional Neural Network (CNN) model.

3. To generalize the model’s reliability and applicability; two new additional datasets
were trained and evaluated for the model.

2. Related Works

Researchers in health informatics are leveraging the predictive power of Deep Learning
(DL) to address the automated diagnosis of various diseases such as COVID-19 [12],
monkeypox [13], kidney stone [14] and so on. Here, we summarise the recent DL methods
that have been employed for retinal disease diagnosis using various image modalities.
These methods can be categorized into two broad classes: pre-trained DL models (that
leverage the transfer learning strategies) and custom-designed CNN (which needs training
from scratch).

Subramanian et al. [15] utilised four CNN models such as VGG16, DenseNet-201,
Inception-V3, and Xception, to classify seven different retinal diseases. Moreover, Bayesian
optimization was employed to fine-tune the hyperparameters of these CNN models, cou-
pled with image augmentation techniques to enhance their ability to generalize. The use of
DenseNet-201 in classifying retinal diseases on the Retinal OCT Image dataset resulted in
an accuracy exceeding 99%, demonstrating superior performance compared to alternative
methods. Puneet et al. [16] implemented the combination of Attention and Transfer Learn-
ing approaches into a DCNN for categorizing retinal diseases such as CNV, DME, and
Drusen using OCT images. Their proposal achieved notable results, attaining accuracies
of 97.79% during training and 95.6% during testing. Kayadibi et al. [17] implemented a
hybrid fine-tuned CNN for retinal disease classification from OCT images. They utilized
PCA to reduce the feature size and enhance the performance. The benchmarking out-
comes for two OCT datasets demonstrated a high level of promise in terms of accuracy.
Specifically, the UCSD dataset yielded an impressive accuracy of 99.70% according to
Kermany et al.’s study [18], while the Duke dataset achieved a perfect 100% accuracy as
reported by Srinivasan et al. [19]. In their research, Kim and colleagues [20] harnessed a

101



J. Imaging 2023, 9, 219

variety of Convolutional Neural Networks (CNNs) like VGG16, ResNet50, DenseNet121,
and Inception-v3 as feature extractors. Subsequently, they employed these features to
develop binary OCT image classification models. A binary classifier model is developed for
each category (CNV, DME, Drusen and Normal) and the VGG-16-based model for CNV vs.
other classes achieved 98.6% accuracy. They achieve high accuracy using the pre-trained
DL models. However, their proposal needs the training of individual models for each
class which incurs high computational complexity. A pre-trained VGG-16 network was
implemented by Li et al. [21] for retinal image classification on OCT images. They validated
the model’s performance on 1000 independent OCT images. Their work revealed that the
transfer learning with the VGG-16 model has a promising accuracy of 98.6%, sensitivity of
97.8%, and specificity of 00.4%. With such commendable performance of the model, deep
learning can automate the diagnosis of retinal disease. Li et al. [22] adopted the ensemble
models for retinal disease classification using OCT images. They trained four DL- models
based on improved ResNet50 to build the ensemble and achieved the highest accuracy of
96.3%, sensitivity of 96.6%, and specificity of 98.7%. However, the ResNet50 model is itself
the heavyweight model.

In addition to employing pre-trained deep learning models, only a limited number of
researchers have created custom CNNs for the classification of retinal images. For example,
a deep CNN with six convolution blocks (including the Relu, batch normalization, and
pooling operation) was implemented by Sujina et al. [23]. Their proposal achieved a promis-
ing accuracy of 99.69% with a low misclassification rate. However, the generalisability
of the CNN on additional datasets is not reported. Altan et al. [24] implemented a deep
learning architecture to detect the macular edema on OCT images and reported an accuracy
of 99.20%.

Hybrid deep learning models for retinal image classification have also been proposed
recently. For instance, a hybrid deep learning model for OCT image classification was
implemented by Khan et al. [25]. They extracted retinal features from OCT images using
three pre-trained deep learning models (DenseNet121, InceptionV3, and ResNet50), and
ant colony optimization was used for best feature selection. Finally, the SVM and KNN
were employed for classification. Their proposal achieved high performance on OCT image
classification. However, the approach is not applicable to end-to-end training of the model.

3. Materials and Methods

The entire material and methods adopted in the study are depicted in Figure 1, which
includes the stages ranging from data preparation to model evaluation.

Figure 1. Methodology.

3.1. Dataset
3.1.1. Disease Description

Figure 2 [26] shows the different diseases considered in this study. CNV, depicted in
Figure 2a, arises from the emergence of fresh blood vessels in proximity to the choroid. CNV
is caused by flaws in the innermost section of the choroid known as Bruch’s membrane,
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along with conditions like severe nearsightedness and heightened vascular endothelial
growth. DME, Figure 2b, primarily affects individuals with diabetes. It leads to vision
distortion as fluid accumulates in the macula. This accumulation impairs cone cells’ light-
sensing abilities, causing blurred vision. DME arises from the expansion of blood vessels at
the posterior region. In Figure 2c, we can observe Drusen, a condition primarily linked to
the aging process. It involves the accumulation of yellow extracellular particles between
the Bruch’s membrane and the retinal pigment in the eye. Drusen has the potential to
hinder the transport system, which could lead to a deprivation of oxygen for the cone cells
responsible for colour vision, ultimately resulting in their deterioration.

(a) CNV (b) DME (c) Drusen
Figure 2. Representative images for diseases.

3.1.2. Dataset Description

The publicly accessible dataset [27] encompasses detailed cross-sectional images of liv-
ing patients’ retinas, which have been classified into four distinct categories: Normal, CNV,
Drusen, and DME. These categories are visually represented in Figure 3. The dataset com-
prises a grand total of 84,492 images, distributed as follows: CNV contains 37,457 images,
Normal contains 26,567 images, DME includes 11,600 images, and Drusen encompasses
8868 images.

(a) (b) (c) (d)
Figure 3. Illustrative examples from the retinal image dataset are presented. Figure (a) showcasing
Choroidal NeoVascularization, characterized by the presence of neovascular membranes (indicated by
white arrowheads) along with associated sub-retinal fluid (marked by arrows). Figure (b) illustrates
Diabetic Macular Edema, which manifests as intra-retinal fluid associated with retinal thickening
(denoted by arrows). Figure (c) displays multiple instances of drusen (highlighted by arrowheads),
while Figure (d) illustrates a normal, pristine retina with an undisturbed foveal structure and no
signs of retinal fluid or edema.

3.2. Dataset Pre-Processing

The originally imbalanced dataset was transformed into a balanced one, where each
category contained exactly 8868 images. In this balanced dataset, all images were resized
to dimensions of 180 × 180 and then normalized to fall within the range [0, 1]. To ensure
representative sampling, a stratified approach was employed, allocating 80% of the data
for training, and the remaining 20% for testing, with half of the testing data reserved
for validation.

3.3. CNN Model

The proposed lightweight model reported in Table 1 provides a concise overview of
the CNN architecture and Figure 4 shows the graphical result. The model holds only five
convolution layers to perform convolution operations on the input image, with increasing
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filter depths (16, 32, 64, 128, 256) to capture hierarchical features. Each convolution layer is
followed by max-pooling layers to down-sample the feature maps, aiding in information
compression. Dropout layers help mitigate over-fitting by randomly deactivating neurons
during training with values of 0.2 on each. The final dense layers (256, 4) process flattened
features for classification, culminating in four output classes. The model contains around
983,716 total trainable parameters, contributing to its complexity and predictive capacity.

Table 1. The proposed lightweight CNN Model Architecture. Note the “Param #.” represents the
parameters involved in the given CNN.

Layer (Type) Output Shape Param #

Conv2D (None, 178, 178, 16) 448
MaxPooling2D (None, 89, 89, 16) 0
Dropout (None, 89, 89, 16) 0
Conv2D (None, 87, 87, 32) 4640
MaxPooling2D (None, 43, 43, 32) 0
Dropout (None, 43, 43, 32) 0
Conv2D (None, 41, 41, 64) 18,496
MaxPooling2D (None, 20, 20, 64) 0
Dropout (None, 20, 20, 64) 0
Conv2D (None, 18, 18, 128) 73,856
MaxPooling2D (None, 9, 9, 128) 0
Dropout (None, 9, 9, 128) 0
Conv2D (None, 7, 7, 256) 295,168
MaxPooling2D (None, 3, 3, 256) 0
Dropout (None, 3, 3, 256) 0
Flatten (None, 2304) 0
Dense (None, 256) 590,080
Dense (None, 4) 1028

Total params.: 983,716
Trainable params.: 983,716
Non-trainable params.: 0

Figure 4. Graphical visualization of the proposed model.

3.4. Implementation Setup

The CNN model and XAI algorithms in this study were implemented using Python
3.10.12, along with Keras version 2.13.1 and TensorFlow version 2.13.0. The computational
resources employed for this research included the runtime environment provided by
Google Colab, supported by a robust NVIDIA K80 GPU with an impressive 12 GB of RAM.
To assess the performance of the CT dataset, a cross-validation technique with a designated
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value of K = 10 [28] was employed, which entailed distinct and random allocations for both
training and testing subsets. For the purpose of regularization, an early stopping strategy
was employed, which relied on monitoring the validation loss for 10 consecutive epochs.

3.5. Performance Evaluation Metrics
3.5.1. Accuracy

The performance of classification models is typically evaluated using the metric of
accuracy. Out of all the examples in a dataset, it calculates the percentage of accurately
predicted instances. Mathematically, accuracy (Acc) is calculated as Equation (1).

Acc =
Number of Correct Predictions

Total Number of Predictions
(1)

3.5.2. Precision

Precision is a performance measure that assesses the correctness of a model’s positive
predictions. It is determined by the ratio of true positive predictions (TP) to the sum of true
positive and false positive predictions (TP + FP).

3.5.3. Recall

Recall evaluates a capacity to accurately identify every positive occurrence present
in the dataset. It is described as the proportion of genuine positives (positives that were
correctly detected) to all real positives.

3.5.4. F1-Score

The F1 Score is a classification task evaluation metric that balances precision and recall.
It is calculated as the harmonic mean of precision and recall, offering a single measure of
model performance that takes both false positives and false negatives into account.

3.5.5. ROC Curve

The Receiver Operating Characteristic (ROC) curve is a graph that shows how well a
model works. It shows the trade-off between two things: how often the model correctly
says “yes” when it should (Sensitivity), and how often it incorrectly says “yes” when it
shouldn’t (1-Specificity). This graph helps us see how good the model is at telling things
apart in different settings. To make the ROC curve, we draw a graph of the True Positive
Rate (TPR) against the False Positive Rate (FPR) for different settings. The area under the
ROC curve (AUC-ROC) gives us a single number that tells us how well the model is doing.

3.5.6. FLOPS

Algorithm 1 calculates the Floating Point Operations (FLOPs) for the CNN model [29].
It defines two functions, CalculateCNNLayerFLOPs, and CalculateDenseLayerFLOPs, to
compute FLOPs for Conv2D and Dense layers, respectively, based on their parameters. The
CalculateTotalFLOPs function iterates through the model’s layers, identifying Conv2D and
Dense layers, and accumulates their respective FLOPs. This provides an estimate of the
total computational complexity of the CNN model. The algorithm is valuable for assessing
the computational efficiency of the CNN in terms of the number of operations needed
for inference.
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Algorithm 1 Calculate FLOPs for CNN Model [29]
1: function CALCULATECNNLAYERFLOPS(layer)
2: Input: CNN layer
3: Output: FLOPs for the layer
4: return 2 × layer.filters × layer.kernel_size[0] × layer.kernel_size[1] × layer.input_shape[−1] ×

layer.output_shape[1]× layer.output_shape[2]
5: end function
6: function CALCULATEDENSELAYERFLOPS(layer)
7: Input: Dense layer
8: Output: FLOPs for the layer
9: return 2 × layer.input_shape[−1]× layer.output_shape[−1]

10: end function
11: function CALCULATETOTALFLOPS(model)
12: Input: CNN model
13: Output: Total FLOPs for the model
14: total_flops ← 0
15: for layer in model.layers do
16: if layer is Conv2D then
17: total_flops += CalculateCNNLayerFLOPs(layer)
18: else if layer is Dense then
19: total_flops += CalculateDenseLayerFLOPs(layer)
20: end if
21: end for
22: return total_flops
23: end function

3.5.7. Explainable AI

Although there are certain challenges associated with XAI, such as its sensitivity
to individual cases, the trade-off involving complexity, and the assumption of highly
interdependent features, XAI delves into the visual computational approach of Deep
Learning models. Consequently, the study incorporates the use of LIME and SHAP.

1. LIME
In the pursuit of enhancing the transparency and interpretability of modern machine
learning models, LIME has emerged as a powerful technique. LIME addresses the
challenge of understanding complex black-box models’ predictions by approximating
their behaviour through locally interpretable models. This approach allows us to shed
light on how specific features influence predictions, especially in contexts involving
intricate data types such as images.
LIME operates by selecting a target instance x, model f and generating perturbed
instances x′i in its vicinity. The model’s predictions f (x) and f (x′i) are obtained, and
interpretable features zi are extracted from the perturbed instances. An interpretable
CNN model g(z), was trained using pairs (zi, f (x′i)) to approximate the complex
behavior of f in the local neighborhood of x. To analyse g(z) , coefficients βi in g(z),
the importance of the corresponding features zi in influencing the predictions were
reflected. Larger absolute values of βi indicate stronger influences [30].

2. SHAP
For the retinal input retinal image x with N number of pixels and f prediction, SHAP
values for each pixel in the image were calculated. The values of SHAP show the
contribution of the model to define how much each pixel i in the retinal image x
contributes and is calculated using Equation (2).

φi(x) = ∑
S⊆{1,2,...,N}\{i}

|S|!(N − |S| − 1)!
N!

[ f (xS ∪ {i})− f (xS)] (2)

S represents a subset of pixels excluding pixel i, xS is the image with the pixels in
subset S unchanged, f (xS ∪ {i}) is the model’s prediction when pixel i is included
in the subset S and f (xS) is the model’s prediction when pixel i is excluded from the
subset S [31].
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These SHAP values provide insights into the contribution of each pixel to the model’s
prediction. Positive SHAP values indicate that a pixel’s presence positively influenced
the forecast, while negative values suggest the opposite.

4. Results

4.1. Statistical Results

We analyzed classic statistical validation measures, which included the model’s per-
formance in terms of error and correctness throughout training, as well as across the
validation and test datasets. Furthermore, we incorporated precision, F1-score, recall,
confusion matrix, and k-fold validation into our evaluation.

Among ten different folds, 10th fold, stopped early in 15th epoch, holding the lowest
accuracy, and the same is considered to plot the evaluation metrics. The training process
spanned 20 epochs, with each fold configured to terminate early if the validation loss
persisted for five consecutive epochs.

Figure 5, shows the training and validation accuracy of 10th fold where training phase
yielded 95.64% and a loss of 0.1201, and the validation accuracy stood at 94.12% with a
corresponding loss of 0.2185.

(a) (b)
Figure 5. Training and Validation Result. (a) represents training and validation accuracy (b) shows
training and validation loss

Figure 6 shows the performance matrix of 10th fold. Among 892 Drusen samples, 843
were accurately predicted. Only 52 normal samples were misclassified, out of which 18
were predicted as Drusen, 4 were predicted as CNV, and 30 were predicted as DME. Out of
900 samples, a total of 807 samples were predicted correctly for the CNV class. Considering
876 samples, 843 samples were predicted correctly for DME.

Figure 6. Class-wise performance of CNN model.
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Following 10 folds, the model demonstrated an average training accuracy of 96.33%, a
validation accuracy of 94.12%, a training loss of 0.1073, and a validation loss of 0.1927. The
average testing accuracy and testing loss stood at 94.29% and 0.2002 respectively (Table 2).

Table 2. Performance Metrics for Different Folds. Symbols: TA, TL, TP, TR, VA, VL, VP, VR, TeA, TeL,
TeP, and TeR represent training accuracy, training loss, training precision, training recall, validation
accuracy, validation loss, validation precision, validation recall, test accuracy, test loss, test precision,
and test recall, respectively in percentages.

K TA TL TP TR VA VL VP VR TeA TeL TeP TeR

1 96.31 0.1011 96.49 96.13 94.11 0.1820 94.37 93.99 94.28 0.1974 94.43 94.17
2 96.22 0.1010 96.39 96.04 94.01 0.1819 94.27 93.90 94.18 0.1972 94.33 94.07
3 96.31 0.1011 96.49 96.13 94.11 0.1820 94.37 93.99 94.28 0.1974 94.43 94.17
4 96.41 0.1012 96.59 96.23 94.20 0.1822 94.46 94.09 94.37 0.1976 94.52 94.26
5 96.51 0.1013 96.69 96.33 94.30 0.1824 94.56 94.19 94.47 0.1978 94.62 94.36
6 96.31 0.1135 96.49 96.13 94.10 0.1908 94.36 93.99 94.27 0.2029 94.42 94.16
7 96.81 0.1012 96.99 96.63 94.60 0.1781 94.86 94.49 94.77 0.2015 94.92 94.66
8 96.14 0.1176 96.32 95.96 93.93 0.2160 94.19 93.82 94.10 0.2101 94.25 93.99
9 96.64 0.1151 96.82 96.46 94.43 0.2135 94.69 94.32 94.60 0.1975 94.75 94.49

10 95.64 0.1201 95.82 95.46 93.43 0.2185 93.69 93.32 93.60 0.2025 93.75 93.49

Average 96.33 0.1073 96.51 96.15 94.12 0.1927 94.38 94.01 94.29 0.2002 94.44 94.18

Table 3 shows the classification report where “Drusen” and “Normal” show high
Precision (0.94–0.95) indicating accurate positive predictions and DME shows high Recall
(0.96), capturing most positives. F1-Score ranges from 0.94 to 0.95 showing the harmony
between Precision and Recall.

Table 3. Classification Report of 10th fold.

Class Precision Recall F1-Score

Drusen 0.94 0.95 0.94
Normal 0.95 0.94 0.95
CNV 0.95 0.90 0.92
DME 0.90 0.96 0.93

Accuracy 0.94

Macro Avg 0.94 0.94 0.94
Weighted Avg 0.94 0.94 0.94

As the imbalanced datasets were made balanced, the ROC curve (for 10th fold) was
plotted as shown in Figure 7 to calculate the area under the curve and evaluate the
model performance.

The model showed outstanding performance in distinguishing between positive and
negative categories, as proven by its impressive AUC score of 0.99 in all areas. The ROC
curve, which depends on TPR and FPR, displayed the model’s predictions on the test
dataset having an exceptionally high TPR, covering the entire range of AUC values. This
demonstrates the model’s exceptional effectiveness.

Table 4 presents sensitivity and specificity values of four classes in 10th fold. DME and
Normal classes exhibit high sensitivity (>0.98), indicating accurate detection of relevant
cases. Drusen has slightly lower sensitivity, while CNV has the highest specificity (>0.97),
suggesting strong performance in distinguishing its class.
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Figure 7. ROC-AUC curve.

Table 4. Sensitivity and Specificity of 10th fold.

Class Sensitivity Specificity

DME 0.989963 0.916084
NORMAL 0.99096 0.948488
DRUSEN 0.974254 0.925115
CNV 0.966781 0.974166

4.2. Explainable Results
4.2.1. SHAP

Because it is hard to understand how the CNN model predicted the output, XAI tech-
niques are used to explain it [32]. The testing images are on the left, and each explanation
has a transparent grey background (see Figures 8–11).

Figure 8. The model determined the presence of Drusen in the image by analyzing the OCT image
and noting a significant concentration of red pixels (scattered in central regions) in the explanatory
image (second in a row), which is located in the second column.
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Figure 9. The model’s examination of the OCT image revealed a significant number of red pixels in
the explanatory image (third in a row) to suggest the presence of a healthy eye.

Figure 10. The model determined that the OCT image exhibited indications of CNV, which is a retinal
disorder, due to the significant abundance of red pixels in the third explanatory image located in the
fourth column.

Figure 11. The model determined that the OCT image indicated the presence of DME due to the
significant number of red pixels observed in the fifth column of the fourth explanatory image.

The red pixels in the first explanation image (refer to Figure 8) increase the probability
of predicting a Drusen. In the second explanation, the model somehow attempts to indicate
that the image is normal, but the red pixels’ concentration in the first explanation is
higher. Third, and fourth explanation images do not contain any red or blue pixels, so the
probability of classifying the input image as CNV and DME is low.

In Figure 9, the presence of concentrated red pixels suggests that the image is normal.
Conversely, in Figures 10 and 11, the absence of concentrated red pixels indicates that they
correspond to CNV and DME, respectively.

4.2.2. LIME

LIME is employed to extract the features and perturbations from the training dataset.
These perturbations are randomly generated from a standardized image, and subsequent
operations involving mean-centering and scaling are conducted. The simple linear iterative
clustering (SLIC) [33] is used to compute the initial three characteristics which delineate
the most influential boundaries and incorporate them into the image. The second column
of Table 5 displays the original test images corresponding to each category. The segmented
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image segment in the third column of Table 5 represents the segmentation obtained through
LIME. As illustrated in Table 5, LIME furnishes visual explanations of the model’s decision-
making process, spotlighting the image regions that make a significant contribution to a
specific class prediction.

Table 5. Interpretation of LIME results alongside input image and segmented image.

Category OCT Image LIME Interpretation

DRUSEN

Normal

CNV

DME

5. FLOPS Calculation

The proposed model’s Floating-point Operations (FLOPs) were determined by consid-
ering all arithmetic operations involving floating-point values, such as addition, subtraction,
division, multiplication, and any other relevant operations. The model executed a total of
2.37 × 108 operations, and this calculation was accomplished using Algorithm 1.

6. Generation of Fast Gradient Sign Method for Adversarial Examples

To evaluate the model’s robustness, we conducted tests using adversarial examples.
We computed the gradient of the loss function with respect to the input images to capture
subtle variations. We introduced epsilon as a hyperparameter to quantify the perturba-
tion’s intensity, which was generated by taking the sign of the gradient and adjusting its
magnitude. Subsequently, we incorporated this perturbation into the image and forwarded
it for prediction. Our findings indicate that the model exhibited resilience up to an epsilon
value of 0.1, as illustrated in Table 6 for DRUSEN and CNV, whereas all categories remained
stable below the threshold of 0.1.
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Table 6. Adversarial Examples.

Class Original Image Epsilon = 0.1
Adversarial
Prediction

Drusen Drusen

Normal Drusen

CNV CNV

DME CNV

7. Generalizability Investigation

To see if the proposed model could be used to diagnose other common datasets with
the same number of categories, the model was trained under the same constraints as before
and the results were analysed for two additional datasets, COVID-19 and Kidney Stone.

7.1. COVID-19

Publicly available COVID-19 dataset [34], with 4273 pneumonia samples, 1583 normal
samples, 703 tuberculosis samples, and 576 COVID-19 samples was balanced with an
equal number of 576 images for each category. With a training accuracy of 97.18%, a test
accuracy of 92.54%, and a validation accuracy of 94.78% as shown in Figure 12a, the model
achieved a training loss of 0.0804, test loss of 0.2180 and validation loss of 0.1960 as shown
in Figure 12b.
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(a) Training and Validation Accuracy (b) Training and Validation Loss
Figure 12. Training and Validation Results for COVID-19.

Figure 13a represents the confusion matrix. Here, six instances of Tuberculosis samples
were inaccurately predicted out of a comprehensive pool of 56 samples. Seven mispredic-
tions were observed among pneumonia samples out of 55. Similarly, for COVID-19 cases,
seven errors emerged out of 66 samples, whereas all 54 samples categorized as normal
were accurately predicted. To offer a more detailed insight into the findings, it is worth
noting that the AUC-ROC values for tuberculosis, pneumonia, COVID-19, and normal
cases stand at 0.99, 0.98, 0.97, and 1.00, respectively, as shown in Figure 13b.

(a) Confusion Matrix (b) ROC Curve

Figure 13. Confusion Matrix and ROC for COVID-19.

Figures 14–17 show the SHAP explanation of tuberculosis, pneumonia, COVID-19,
and Normal samples respectively.

Figure 18 shows the LIME segmented results for individual categories of the COVID-19
dataset. The segmented results highlight the infected regions in respective images.
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Figure 14. The analysis conducted by the model on the X-ray image indicated elevated concentrations
of red pixels in the initial explanatory image (located in the second column). These red pixels are
likely to represent regions of the image that are suggestive of tuberculosis.

Figure 15. The model’s prediction is based on the presence of a substantial number of red pixels
in the second explanatory image, situated in the third column, suggesting that the X-ray image
depicts pneumonia.

Figure 16. The model’s forecast of pneumonia was substantiated by the elevated density of red pixels
in the third explanatory image.

Figure 17. The model determined that the X-ray image was classified as “Normal” because there was
a notable concentration of red pixels in the fourth explanatory image.
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(a) Tuberculosis (b) Pneumonia (c) COVID-19 (d) Normal
Figure 18. Results for LIME segmentation for Figures 14, 15, 16, and 17 respectively.

The proposed model shows better results in comparison with other SOTA approaches
and the results are tabulated in Table 7 showing training accuracy of 97.18% and number of
parameters (0.983 million).

Table 7. Comparative Analysis of COVID-19 Result to other SOTA methods.

Ref Algorithm Accuracy (%) Parameters (Millions)

[35] CNN-based CoroNet 89.6 33.97

[36] Custom CNN 94.53 34.73

[37] Attention based VGG 85.43 VGG-16 = 18
VGG-19 = 21.2

[12] Custom CNN 95.94 3.7

Proposed Custom CNN 97.18 0.983

7.2. Kidney Stone

The publicly available Kidney Stone dataset [14], with 5077 normal samples, 3709 cyst
samples, 2283 tumor samples and 1377 stone samples was balanced with an equal number
of 1377 images for each category. With a training accuracy of 99.70%, a test accuracy of
99.64%, and a validation accuracy of 99.82% as shown in Figure 19a, the model achieved
a training loss of 0.0056, test loss of 0.0345 and validation loss of 0.0078 as shown in
Figure 19b.

(a) Training and Validation Accuracy (b) Training and Validation Loss

Figure 19. Training and Validation Result for Kidney Stone.

Figure 20a represents the confusion matrix for the kidney stone dataset. All cyst and
stone samples were correctly classified. One tumor sample was misclassified as normal,
and one normal sample was misclassified as stone. The AUCROC values for all categories
are 1.00, which indicates that the model has perfect accuracy as shown in Figure 20b.
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(a) Confusion Matrix (b) ROC Curve

Figure 20. Confusion Matrix and ROC for COVID-19.

Figures 21, 22, 23, and 24 show the SHAP explanation of tumor, cyst, and Normal
samples respectively.

Figure 21. The model found that there were a lot of red pixels in the first explanation image (second
column) of the CT scan. These red pixels are likely to be areas of the image that are indicative of a tumor.

Figure 22. The model’s prediction that the CT image is a cyst is supported by the high concentration
of red pixels in the explanation image in the third column.

Figure 23. The model’s prediction of Stone was supported by the high concentration of red pixels in
the third explanation image.
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Figure 24. The model found that the CT image is predicted as Normal as the high concentration of
red pixels is located in the fourth explanation image.

Figure 25 shows the LIME segmented results for individual categories of the kidney
stone dataset. The segmented results highlight the infected regions in respective images.

(a) Tumor (b) Cyst (c) Stone (d) Normal

Figure 25. Results for LIME segmentation for Figures 21, 22, 23, and 24, respectively.

The proposed model shows the competitive results in comparison with other state-of-
the-art methods as tabulated in Table 8 in terms of training accuracy (99.70%) and number
of parameters (0.983 million).

Table 8. Comparative Analysis of the Kidney Stone dataset.

Ref Algorithm Accuracy (%) Parameters (Millions)

[14]

Inception V3 61.6 22.32
VGG16 98.2 14.74
Resnet 73.8 23.71
EANet 77.02 6
Swin Transformers 99.3 4.12
CCT 96.54 4.07

[38] DenseNet201-Random Forest 99.44 20

[39]
VGG16NB 96.26 14.74
DenseNet121-KNN 96.64 20
VGG-DN-KNN 100 14.74

Proposed Custom CNN 99.70 0.983

8. Conclusions

The study presents a significant advancement in OCT-based diagnostic methodologies
to address the labor-intensive nature of manual anomaly classification in retinal images.
Achieving remarkable average accuracies and minimal losses across training, validation
and test sets, the proposed model demonstrates its efficacy in classifying CNV, DME,
Drusen, and Normal retinal conditions. The integration of XAI techniques provides in-
terpretable insights into the model’s decision-making process. Moreover, the model’s
robustness and generalizability are substantiated by its consistent performance on addi-
tional datasets related to COVID-19 and Kidney Stone conditions. With a focus on efficiency
and lightweight, the model can play a significant role in IoMT devices.
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With more real-time datasets, augmentation, and generative adversarial networks,
other lightweight transfer learning models like MobileNet can be tested further as
real-time sensations.
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Abstract: Fundus diseases cause damage to any part of the retina. Untreated fundus diseases can
lead to severe vision loss and even blindness. Analyzing optical coherence tomography (OCT) images
using deep learning methods can provide early screening and diagnosis of fundus diseases. In this
paper, a deep learning model based on Swin Transformer V2 was proposed to diagnose fundus
diseases rapidly and accurately. In this method, calculating self-attention within local windows was
used to reduce computational complexity and improve its classification efficiency. Meanwhile, the
PolyLoss function was introduced to further improve the model’s accuracy, and heat maps were
generated to visualize the predictions of the model. Two independent public datasets, OCT 2017
and OCT-C8, were applied to train the model and evaluate its performance, respectively. The results
showed that the proposed model achieved an average accuracy of 99.9% on OCT 2017 and 99.5%
on OCT-C8, performing well in the automatic classification of multi-fundus diseases using retinal
OCT images.

Keywords: multi-fundus diseases classification; optical coherence tomography; Swin Transformer
V2; PolyLoss function; OCT2017 and OCT-C8

1. Introduction

Fundus diseases include conditions such as diabetic macular edema (DME), choroidal
neovascularization (CNV), and drusen, which significantly impact the quality of life [1].
With the continuous development of ophthalmic medicine, OCT technology has become
an important diagnostic tool, especially in the diagnosis of fundus diseases. OCT is
a non-invasive imaging technique that provides high-resolution retinal images to help
diagnose eye diseases, evaluate treatment outcomes, and monitor disease progression [2].
However, due to the large amount of data and complex structural and morphological
features of retinal OCT images, manual diagnosis requires a significant amount of time and
effort. Therefore, computer-aided diagnosis (CAD) techniques have significant value in the
automatic classification of retinal OCT images.

CAD refers to the use of computer technology to analyze and process medical images
to provide diagnostic assistance [3]. CAD is now widely used in the automatic analysis and
diagnosis of medical images, such as breast cancer, lung cancer, and colorectal cancer. CAD
systems can help doctors diagnose diseases quickly and accurately, improving diagnostic
accuracy and efficiency. Deep learning is a machine learning technique that has been
widely applied in the field of computer-aided diagnosis [4]. Convolutional neural networks
(CNNs) are a type of deep learning technique that has been continuously developed since
the 1980s. CNNs have achieved great success in the field of computer vision and are widely
used in tasks such as image classification, object detection, and semantic segmentation.
Some early CNN models include LeNet [5] and AlexNet [6]. As deep learning technology
has continued to develop, many new CNN models have emerged, including VGGNet [7],
GoogLeNet [8], ResNet [9], DenseNet [10], MobileNet [11], and EfficientNet [12]. Although
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the existing models have achieved great success, there is still room for improvement in the
classification of fundus diseases using OCT images.

Unlike RNNs, which require recursive processing to obtain global information, or
CNNs, which can only obtain local information, Transformer is a new neural network
architecture that can directly obtain global information. Transformer is essentially an
Attention structure that can perform parallel computations, and is therefore much faster
than RNNs. Transformer network architecture was proposed by Ashish Vaswani et al. in
their paper “Attention Is All You Need” and has been used for machine translation tasks.
Unlike previous network architectures, the encoder and decoder in this architecture do
not use RNN or CNN network architectures, but instead rely on an architecture that is
completely dependent on the attention mechanism [13].

The Swin Transformer is a novel Transformer model that has achieved excellent
performance in many computer vision tasks [14]. Compared to the traditional Vision
Transformer (ViT) [15], the Swin Transformer utilizes a multi-scale design and integrates the
multi-scale design into the Transformer. One of the main features of the Swin Transformer is
its pyramidal structure, i.e., the deeper the network is, the smaller the size of the feature map
is, and the more channels are available. This is different from the columnar structure of ViT,
where the feature map size remains constant. In addition, the Swin Transformer borrows
many techniques from CNNs, such as hierarchical feature extraction (FPN), Sliding Window
+ Attention Mask + Cyclic Shift. These techniques help the Swin Transformer to better
capture local information in the image and extract multi-scale features. In conclusion, by
adopting a multi-scale design and borrowing techniques from CNNs, the Swin Transformer
achieves better performance than traditional ViT models in several computer vision tasks.

1.1. The Proposed Model

In this paper, we propose a multi-foveal disease classification model based on Swin
Transformer V2 [16]. The dataset is first subjected to preprocessing operations such as
data enhancement, and then the network is trained. Based on the results of training,
the network parameters such as learning rate and batch size are fine-tuned to determine
the appropriate training parameters. By comparing different loss functions, we finally
adopted PolyLoss [17] as the loss function to obtain better performance in retinal OCT
image classification. In order to improve the interpretability of the model and understand
its decision-making process, visualization methods such as the confusion matrix and Grad-
CAM heatmap [18] were used in the testing phase. Finally, after continuous optimization of
network parameters and loss functions, the results were compared after multiple training
sessions to obtain the optimal network model for multiple fundus disease classification.

The contributions of this paper are as follows:

1. The proposed method will first use the Swin Transformer V2 model to classify multiple
diseases in retinal OCT images.

2. Based on the Swin Transformer V2 model, its loss function is improved by introducing
PolyLoss, which improves the model’s performance.

3. Experimental validation was performed with two datasets, OCT2017 and OCT-C8,
and using Grad-CAM visualization to help understand decision-making mechanisms
in network models.

1.2. Related Work

The use of deep learning algorithms for identifying OCT images has been extensively
studied by many researchers. For example, Lee et al. used a deep neural network to
classify OCT images as normal or AMD, achieving an accuracy of 87.63% [19]. Lu et al.
and Bhadra et al. used a deep multi-layer CNN to categorize OCT images into healthy,
dry AMD, wet AMD, and DME [20]. Kermany et al. applied deep transfer learning to
automatically diagnose diabetic retinopathy in OCT images [21]. Rong et al. suggested a
different auxiliary classification method, based on CNNs, for the automatic categorization
of retinal OCT images [22]. Fang et al. proposed a novel lesion-aware convolutional neural
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network (LACNN) method for retinal OCT image classification, where retinal lesions in
OCT images were used to guide the CNN to achieve more accurate classification [23].
Singh et al. studied attribute-explained deep learning: application to ophthalmic diagnosis
and proposed a framework for explaining the classification decisions of a deep learning
network on retinal OCT images [24]. Wang et al. proposed classifying volumetric OCT
images via a recurrent neural network (VOCT-RNN), which can fully exploit temporal
information among B-scans. This choice may introduce unnecessary model complexity,
limiting the interpretation of such model results in clinical practice [25]. To investigate
this hypothesis, Arefin et al. developed a configurable deep convolutional neural net-
work (CNN) that classifies four types of macular diseases using retinal optical coherence
tomography (OCT) images [26]. V et al. proposed a method to improve the automatic
classification and detection of macular diseases using retinal optical coherence tomography
(OCT) images by fusing two pre-trained deep learning networks [27]. Identifying macular
diseases and segmenting lesion areas to assist ophthalmologists in clinical diagnosis is nec-
essary. Liu et al. studied joint disease classification and lesion segmentation in OCT images
via a one-stage attention-based convolutional neural network [28]. Deep-learning-based
methods have been proposed to address this problem. To evaluate the proposed method,
Esfahani et al. used publicly available data including 45 OCT volumes, 15 age-related
macular degeneration, 15 diabetic macular edema, and 15 normal volumes captured by
Heidelberg OCT imaging equipment [29]. He et al. proposed a method for classifying
retinal OCT images using an interpretable Swin-Poly Transformer network [30]. This is
a significant contribution to the field of retinal OCT image classification. At the same
time, our work has been inspired by this study, and we have improved upon it. Other
influential works include those by Lbrahim, Ai, Z, etc. [31,32]. However, to achieve fast
and accurate detection results, it is necessary to break out of the existing CNN framework,
which is challenging.

The Transformer is a type of model architecture in the field of natural language
processing (NLP). Its relatively mature theoretical support and technological development
in the field of natural language processing have brought it to the attention of researchers,
and it has been shown that Transformer methods can be applied to computer vision tasks,
outperforming existing CNN methods in some tasks [33]. The Vision Transformer (ViT)
is a model proposed by the Google team in 2020 that applies the Transformer to image
classification. Its model is “simple” and effective, with strong scalability (the larger the
model, the better the performance), and performs well in the field of computer vision. The
Swin Transformer is a new type of visual Transformer that can serve as a general backbone
network for computer vision. It adopts a hierarchical structure and shifted windows to
effectively extract multi-scale features. In addition, some researchers have attempted to
combine Transformers and CNNs to improve prediction performance. For example, when
performing object detection in drone images, a Transformer-based model can be fused
with a CNN-based model [34]. Swin Transformer V2 is a large model for computer vision
that addresses three main issues in training and applying large visual models, including
training instability, the resolution gap between pre-training and fine-tuning, and the need
for labeled data. Swin Transformer V2 can better handle complex image data and achieve
excellent performance in the automatic classification of retinal OCT images.

2. Materials and Methods

The overall framework of the proposed method is illustrated in Figure 1. The PolyLoss
loss function is employed during the experiment to enhance the training efficiency of the
model. Data augmentation methods are applied during the training phase to increase
the diversity of the training data and enhance the network’s ability to generalize. After
training, Grad-CAM is utilized to visualize and explain the results.
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Figure 1. The overall framework of the proposed method.

2.1. Architecture of Swin Transformer V2

Swin Transformer V2 is an upgraded version of Swin Transformer. It improves upon
version 1.0 by making the model larger and able to adapt to different image resolutions and
window sizes. The Swin Transformer V2 block incorporates two Swin Transformer modules,
the window multi-head self-attention (W-MSA) module and the shifted window multi-
head self-attention (SW-MSA) module, in place of the standard multi-head self-attention
(MSA) module found in ViT. In addition, when calculating Attention in the Transformer
block in ViT, the dot(Q,K) operation is used, which is replaced by cosine(Q,K)/τ in Swin V2,
where τ is a learnable parameter that is not shared between blocks. The cosine operation
inherently includes normalization, which further stabilizes the attention output values.

Figure 2 illustrates the overall structure of the Swin Transformer V2 model [14]. The
input image, with a size of 256 × 256, is first divided into non-overlapping 4 × 4 patches
by the patch partitioning module. These patches are then treated as ‘tokens’ and projected
into C dimensions using a linear embedding layer. Two consecutive Swin Transformer V2
blocks with self-attention computation are applied to these patch tokens, controlling their
number as shown in Figure 2b. A ‘stage’ consists of a linear embedding layer and Swin
Transformer V2 blocks. The design of Swin Transformer V2 resembles the layer structure
of CNNs, where the resolution is halved, and the number of channels is doubled at each
stage. To produce hierarchical representations, the Swin Transformer reduces the number of
tokens by merging patch layers, making the network deeper. Figure 3a shows an example
of a hierarchical representation. Differing from the 224 × 224 input resolution used by
He et al. [30], we employ Swin Transformer V2, which uses a higher resolution of
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256 × 256. The advantage of this is that the network has access to more features, and
increasing the feature extraction capability of the network improves the performance of
the model.

 
Figure 2. (a) he overall architecture of Swin Transformer V2. (b) Two successive Swin Transformer
V2 blocks.

Figure 3. (a) The hierarchical structure of Swin Transformer V2 for extracting multi-scale feature
representation. (b) An illustration of the shifted window strategy for computing self-attention in the
Swin Transformer V2 architecture.

Each Swin Transformer V2 block comprises two units, with each unit containing
two normalization layers (LayerNorm), a self-attention module, and a multi-layer per-
ceptron (MLP) layer. The standard multi-head self-attention (MSA) module from ViT is
replaced by two consecutive Swin Transformer V2 modules in the Swin Transformer V2
block: the window multi-head self-attention (W-MSA) module and the shifted window
multi-head self-attention (SW-MSA) module, as shown in Figure 2b. The first unit utilizes
the window MSA (W-MSA) module, while the second unit employs the shifted window
MSA (SW-MSA) module. In contrast to the Swin Transformer, Swin Transformer V2 in-
corporates a LayerNorm layer after each MSA module and MLP layer and implements
residual connections after each module.

2.2. Shifted-Window-Based Self-Attention

A method of calculating self-attention within local windows is used to reduce compu-
tational complexity and improve modeling efficiency. The moving window strategy used
to calculate self-attention in this experiment is shown in Figure 3a. In the ViT architecture,
the standard MSA module is used for global attention, resulting in an unbearable amount
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of computation and quadratic computational complexity. In W-MSA, this relationship is
linear, and the amount of computation is acceptable. Assuming that each window includes
M × M patches, windows are organized in a non-overlapping manner to split the image in
an equal amount. On an image with hardware patches, the global MSA module’s computa-
tional complexity and the window-based MSA module’s computational complexity are,
respectively:

Ω(MSA) = 4hwC2 + 2(hw)2C (1)

Ω(W-MSA) = 4hwC2 + 2M2hwC (2)

where h × w is the total number of patches in the picture, and C denotes the patch channel’s
channel. When M is constant (the default value is 7), the complexity of Equation (2) is linear
as opposed to Equation (1), where the difficulty is quadratic with respect to the number of
patches h × w.

The window-based self-attention module lacks cross-window connections, ignoring
the relationships between different windows and limiting modeling capabilities. This
approach switches between two partition configurations in succeeding Swin Transformer
V2 blocks to set up cross-window connections while retaining the computational efficiency
of non-overlapping windows. As identified in Figure 4 [14], the first module equally divides
the 8 × 8 feature map into 2 × 2 windows of size 4 × 4 (M = 4) using a standard window
partitioning approach starting from the top-left pixel. Then, the next module adopts a
window configuration that is offset from the previous layer’s window configuration by
shifting the window from the regular partitioned window by (

[
M
2

]
,
[

M
2

]
)pixels. In the

new window, the self-attention calculation also takes into account the boundary of the
previous window, thus considering the connection information between different windows.
Using the shifted window partitioning method, consecutive Swin Transformer V2 blocks
are calculated as:

Ẑl = W-MSA(LN(Zl−1))+Zl−1 (3)

Zl = MLP(LN( Ẑl))+Ẑl (4)

Ẑl+1 = SW-MSA(LN( Ẑl))+Ẑl (5)

Zl+1 = MLP(LN( Ẑl+1))+Ẑl+1 (6)

where W-MSA and SW-MSA indicate window-based multi-head self-attention utilizing
normal and shifted window partitioning configurations, respectively; and Ẑl and Zl denote
the output characteristics of the (S)W-MSA module and MLP in the l layer, respectively.

 
Figure 4. Illustration of an efficient batch computation approach for self-attention in shifted win-
dow partitioning.

A number of new windows are produced by the window partitioning technique, some
of which are smaller than M × M. One typical method for calculating self-attention is
to flatten all windows to M × M. This method, however, results in more windows. For
instance, in Figure 3b, the window transformation technique results in a large rise in
the computational cost of the model when the number of windows goes from 2 × 2 to
3 × 3. As demonstrated in Figure 4, we apply an effective batch computation technique that
cyclically shifts to the top left to address this problem. The batch-calculated windows may
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include a number of non-adjacent windows in the feature map after shifting. Therefore, to
confuse the self-attention calculation for each sub-window, we use a masking method. The
computational efficiency is increased for cyclic shifting since the number of batch windows
and regular window divisions stays constant.

2.3. PolyLoss

The PolyLoss function has been demonstrated to outperform cross-entropy loss and
focal loss in tasks such as 3D detection, 2D picture classification, instance segmentation,
and object identification. As a result, in this experiment, we adopted PolyLoss as the loss
function for our model to improve the OCT classification model’s classification accuracy.
The coefficients of the polynomial are represented by, and the PolyLoss formula is expressed
as follows:

LPoly = α1(1 − Pt) + α2(1 − Pt)
2 + · · ·+ αN(1 − Pt)

N + · · · = ∑∞
j=1 αj(1 − Pt)

j (7)

There are an endless number of polynomial coefficients that need to be changed in
this formula. Tuning multiple polynomial coefficients would still result in a dauntingly
large search space, which is not feasible. Additionally, cross-entropy loss does not perform
better than many coefficients being tuned simultaneously. This problem is solved by
perturbing the leading polynomial coefficient in the cross-entropy loss while leaving the
other coefficients constant. The loss formula is written as Poly-N, where N is the quantity
of leading coefficients that need to be changed.

LPoly−N = (ε1 + 1)(1 − Pt) + · · ·+ (εN + 1/N)(1 − Pt)
N︸ ︷︷ ︸

perturbed by ε j

+ 1/(N + 1)(1 − Pt)
N+1 + · · ·︸ ︷︷ ︸

same as CrossEntropy

= −log(Pt) + ∑N
j=1 ε j(1 − Pt)

j
(8)

In particular, we update the cross-entropy loss’s j polynomial coefficient from 1/j to
1/j + ε j, where ε j∈[−1⁄j,∞) is the perturbation term. Equation (8) demonstrates how the
first N polynomials may be precisely computed without having to worry about an endless
number of higher-order (j > N + 1) coefficients. The largest increase is possible for the first
polynomial term. The final PolyLoss formula is as follows with further simplification of the
Poly-N formula and concentration on Poly-1 evaluation, where only the first polynomial
coefficient in the cross-entropy loss is changed:

LPoly−1 = (1 + ε1)(1 − Pt) + 1/2(1 − Pt)
2 + · · · = − log(Pt) + ε1(1 − Pt) (9)

In this experiment, we accomplish OCT image classification using the value of ε1 = 2.

2.4. Datasets

In this paper, two public datasets, OCT2017 [35] and OCT-C8 [36], were used to train
and test the network model. Dataset 1, as shown in Figure 5, depicts examples of three
fundus diseases and normal retina, while Dataset 2, as shown in Figure 6 [37], depicts OCT
images of seven diseases and one normal category of retinal OCT images. The OCT2017
dataset contains images of three diseases: choroidal neovascularization (CNV), diabetic
macular edema (DME), Drusen, and a class of normal fundus. The OCT2017 dataset
contains 84,452 retinal OCT images of 4 classes (as shown in Figure 5): 83,484 training
images and 968 test images. The training set includes 36,205 CNV images, 10,348 DME
images, 7616 DRUSEN images, and 25,315 NORMAL images for training and four classes
of 1000 images each for validation. Details of the two datasets have been shown in Table 1.

126



J. Imaging 2023, 9, 203

 

Figure 5. Optical coherence tomography images from the OCT2017 dataset. The panels display
images of choroidal neovascularization (CNV) on the far left, diabetic macular edema (DME) on the
middle left, drusen on the middle right, and a normal image on the far right.

 

Figure 6. Displays examples of the eight classes in the OCT-C8 dataset, including AMD, CNV, CSR,
DME, DR, DRUSEN, MH, and NORMAL.

Table 1. Classification and dataset setup for datasets OCT2017 and OCT-C8.

Dataset Class Number Train Validation Test

OCT2017

CNV 37,447 36,205 1000 242

DME 11,590 10,348 1000 242

DRUSEN 8858 7616 1000 242

NORMAL 26,557 25,315 1000 242

OCT-C8

AMD 3000 2300 350 350

CNV 3000 2300 350 350

CSR 3000 2300 350 350

DME 3000 2300 350 350

DR 3000 2300 350 350

DRUSEN 3000 2300 350 350

MH 3000 2300 350 350

NORMAL 3000 2300 350 350

The OCT-C8 dataset contains 24,000 images of eight categories (as shown in Figure 6),
including AMD, choroidal neovascularization (CNV), central serous retinopathy (CSR),
DME, diabetic retinopathy (DR), drusen, macular hole (MH), and one for healthy classes.
The training set consists of 2300 images per category for a total of 18,400 images for training
and 2800 images each for testing and validation containing 350 images per category for
the network model. Before training the model, we preprocessed and augmented the
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data. Obtaining a large number of labeled medical images is challenging due to the time-
consuming nature of the labeling process and the need for professional medical expertise,
which can be costly. To increase the diversity of the training data, data augmentation
methods such as random rotation, cropping, and mirroring were used. Additionally, the
images were resized to 256 × 256 and normalized to match the model’s input requirements.
In the final step, the data were converted into tensors and fed into the model for training.
This process helps to enhance the model’s ability to generalize and improve its stability.

2.5. Evaluation Metrics

To evaluate the performance of the model in classification, we use Accuracy, Pre-
cision, and Recall as evaluation metrics. The formulas for these evaluation metrics are
shown below.

Accuracy =
TP + TN

TP + TN + FP + FN
(10)

Precision =
TP

TP + FP
(11)

Recall =
TP

TP + FN
(12)

F1-score =
2TP

2TP + FP + FN
(13)

The numbers TP, TN, FP, and FN stand for the corresponding amounts of true positives,
true negatives, false positives, and false negatives. For OCT classification, TP is defined as
the proportion of cases that the model correctly classified as positive, TN as the proportion
of cases that the model correctly classified as negative, FP as the proportion of negative
samples that the model incorrectly classified as positive, and FN as the proportion of
positive cases that the model incorrectly classified as negative.

3. Results

In this research, the network was trained and evaluated on a Windows 10 operating
system with 64 GB of memory, an NVIDIA 4090 24 GB GPU, a 2 TB solid-state drive, Python
3.7, and PyTorch 1.10.1 + cu102. At the start of each experiment, we imported ImageNet-22K
pre-trained models through transfer learning. The input resolution for the EfficientNetV2
is set to 384 × 384, the VIT and Swin Transformer models are set to 224 × 224, and the V2
model supports higher resolution image input than the Swin Transformer, set to 256 × 256.
The batch size was set to 32 and each model was trained for 200 epochs. During training,
we saved the models with the highest accuracy and lowest loss function and selected the
model with the highest test accuracy as the optimal model through comparison.

The performance of each category in the OCT2017 dataset was tested using pre-trained
EfficientNetV2 [38], Vision Transformer (VIT), Swin Transformer, and our improved Swin
Transformer V2 network. Table 2 shows the experimental results for the three retinal disease
and normal category diagnoses when the CrossEntropy loss function is used for the four
network models on the dataset OCT2017. Table 3 shows the experimental results obtained
for different network models on the same dataset when using the PolyLoss function.

To further validate our models, we also tested and analyzed the performance of
the VIT, Swin Transformer, and Swin Transformer V2 network models on the OCT-C8
dataset using CrossEntropyLoss, with the results shown in Table 4, and the PolyLoss loss
function, with the results shown in Table 5, to categorize the performance of the VIT, Swin
Transformer, and Swin Transformer V2 network models.

In order to visualize the performance of each model more intuitively, we use the
confusion matrix to visualize the matching results between the model predictions and the
true categories. The results obtained by our models on the OCT2017 and OCT-C8 datasets
using different loss functions, respectively, are shown in Figure 7a,c are the results when
CrossEntropy is applied, and Figure 7b,d represent the results obtained by the PolyLoss
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function. The diagonal elements in the confusion matrix represent the correct classification,
and the remaining elements represent the misclassification.

Table 2. Classification results using OCT2017 with a CrossEntropy loss function. Significant values
are in [bold].

Dataset Method Class Accuracy Precision Recall Specificity F1-Score

OCT2017

EfficientNetV2

CNV 0.975 0.913 0.996 0.968 0.953
DME 0.986 0.996 0.946 0.968 0.970

DRUSEN 0.977 1.0 0.909 0.999 0.952
NORMAL 0.988 0.953 1.0 0.983 0.976

VIT

CNV 0.950 0.839 0.992 0.937 0.909
DME 0.975 0.987 0.913 0.996 0.949

DRUSEN 0.951 0.990 0.814 0.997 0.893
NORMAL 0.982 0.934 1.0 0.977 0.966

Swin
Transformer

CNV 0.995 0.980 1.0 0.993 0.990
DME 0.999 1.0 0.996 1.0 0.998

DRUSEN 0.996 1.0 0.983 1.0 0.991
NORMAL 1.0 1.0 1.0 1.0 1.0

Swin
Transformer

V2

CNV 0.996 0.984 1.0 0.994 0.992
DME 0.997 1.0 0.988 1.0 0.994

DRUSEN 0.999 1.0 0.996 1.0 0.998
NORMAL 1.0 1.0 1.0 1.0 1.0

Table 3. Classification results using OCT2017 with a PolyLoss function. Significant values are
in [bold].

Dataset Method Class Accuracy Precision Recall Specificity F1-Score

OCT2017

EfficientNetV2

CNV 0.971 0.896 1.0 0.961 0.945
DME 0.987 1.0 0.946 1.0 0.972

DRUSEN 0.976 1.0 0.905 1.0 0.950
NORMAL 0.992 0.968 1.0 0.980 0.984

VIT

CNV 0.952 0.845 0.992 0.939 0.913
DME 0.978 0.987 0.926 0.996 0.956

DRUSEN 0.950 0.985 0.814 0.996 0.891
NORMAL 0.985 0.942 1.0 0.979 0.970

Swin
Transformer

CNV 0.997 0.988 1.0 0.996 0.994
DME 0.999 1.0 0.996 1.0 0.998

DRUSEN 0.998 1.0 0.992 1.0 0.996
NORMAL 1.0 1.0 1.0 1.0 1.0

Ours

CNV 0.999 0.996 1.0 0.996 0.994
DME 0.999 1.0 1.0 1.0 0.998

DRUSEN 1.0 1.0 1.0 1.0 0.996
NORMAL 1.0 1.0 1.0 1.0 1.0

129



J. Imaging 2023, 9, 203

Table 4. Classification results using OCT-C8 with a CrossEntropy loss function. Significant values
are in [bold].

Dataset Method Class Accuracy Precision Recall Specificity F1-Score

OCT-C8

VIT

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.965 0.873 0.846 0.982 0.859
CSR 0.993 0.958 0.986 0.994 0.972
DME 0.962 0.901 0.783 0.988 0.838
DR 0.989 0.954 0.954 0.993 0.954

DRUSEN 0.943 0.775 0.769 0.968 0.772
MH 0.991 0.977 0.951 0.997 0.964

NORMAL 0.959 0.787 0.920 0.964 0.848

Swin
Transformer

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.988 0.954 0.951 0.993 0.952
CSR 1.0 1.0 1.0 1.0 1.0
DME 0.990 0.968 0.957 0.996 0.962
DR 1.0 1.0 1.0 1.0 1.0

DRUSEN 0.985 0.956 0.937 0.992 0.946
MH 1.0 1.0 1.0 1.0 1.0

NORMAL 0.987 0.945 0.977 0.992 0.961

Swin
Transformer

V2

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.988 0.959 0.940 0.994 0.949
CSR 1.0 1.0 1.0 1.0 1.0
DME 0.992 0.974 0.963 0.996 0.968
DR 1.0 1.0 1.0 1.0 1.0

DRUSEN 0.985 0.938 0.946 0.991 0.942
MH 1.0 1.0 1.0 1.0 1.0

NORMAL 0.991 0.955 0.977 0.993 0.966

Table 5. Classification results using OCT-C8 with a PolyLoss loss function. Significant values are
in [bold].

Dataset Method Class Accuracy Precision Recall Specificity F1-Score

OCT-C8

VIT

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.967 0.893 0.834 0.986 0.862
CSR 0.994 0.961 0.991 0.994 0.976
DME 0.962 0.894 0.794 0.987 0.841
DR 0.989 0.957 0.957 0.994 0.957

DRUSEN 0.943 0.772 0.774 0.967 0.773
MH 0.992 0.985 0.954 0.998 0.969

NORMAL 0.958 0.781 0.917 0.963 0.844

Swin
Transformer

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.988 0.959 0.943 0.995 0.952
CSR 1.0 1.0 1.0 1.0 1.0
DME 0.991 0.974 0.957 0.996 0.965
DR 1.0 1.0 1.0 1.0 1.0

DRUSEN 0.988 0.954 0.940 0.993 0.947
MH 1.0 1.0 1.0 1.0 1.0

NORMAL 0.990 0.938 0.986 0.993 0.961

Ours

AMD 1.0 1.0 1.0 1.0 1.0
CNV 0.989 0.965 0.949 0.995 0.957
CSR 1.0 1.0 1.0 1.0 1.0
DME 0.992 0.963 0.977 0.995 0.970
DR 1.0 1.0 1.0 1.0 1.0

DRUSEN 0.988 0.965 0.934 0.995 0.949
MH 1.0 1.0 1.0 1.0 1.0

NORMAL 0.991 0.948 0.980 0.992 0.964
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Figure 7. The Confusion matrix of our model on (a) OCT2017 (CrossEntropyLoss), (b) OCT2017
(PolyLoss), (c) OCT-C8 (CrossEntropyLoss), and (d) OCT-C8 (PolyLoss).

4. Discussion

As can be seen from Table 2, EfficientNetV2 achieved an accuracy of 0.975 in the CNV
category, and the highest accuracy of 0.988 was obtained in the normal category, with an
F1-Score of 0.953 and 0.976 in the CNV and normal, respectively. The category accuracies of
0.986 and 0.977 were achieved in the DME and DRUSEN, respectively, while the VIT model
obtained an overall lower evaluation metric than EfficientNetV2 on all four categories. Both
Swin Transformer and our model achieved more than 99% accuracy on a single category,
and the evaluation metrics achieved a score of 1 on the normal category. Table 3 shows that
when using the PolyLoss function, EfficientNetV2 shows a slight decrease in diagnostic
performance on the CNV and DRUSEN categories and a slight increase on the DME
and NORMAL categories. The evaluation metrics for the three retinal disease diagnoses
improved on Swin Transformer and our model. Compared to the Swin Transformer, our
model obtained a higher performance evaluation with a category diagnostic accuracy of
0.999 for both CNV and DME. An accuracy score of 1 was obtained on DEUSEN and
normal fundus.

Table 6 is the average of the experimental results obtained using the CrossEntropy
and PolyLoss functions on the OCT2017 and OCT-C8 datasets, respectively. We observed
that the performance of the EfficientNetV2 network was better than that of VIT when using
CrossEntropy loss, with average accuracies of 98.2% and 96.5%, respectively. However,
the Swin Transformer model achieved a 3.3% average accuracy improvement over Effi-
cientNetV2 and performed better. We achieved an average accuracy of 99.8% using Swin
Transformer V2, which improved on Precision, Recall, Specificity, and F1-Score compared
to the Swin Transformer. When the loss function was changed from CrossEntropyLoss to
Polyloss, although the Swin Transformer network achieved the same accuracy, it improved
in several other evaluation metrics. It can be seen that when using PolyLoss, compared with
CrossEntropyLoss, Swin Transformer V2 showed an improvement in Performance, with a
0.3% increase in Precision, a 0.4% increase in Recall, and a 0.1% increase in F1-Score. Swin
Transformer V2 achieved 100% Precision, Recall, and Sensitivity in the DME, DRUSEN,
and NORMAL categories and achieved near 1.0 accuracy in the CNV, DME, DRUSEN, and

131



J. Imaging 2023, 9, 203

NORMAL categories. This proves the excellent classification ability of Swin Transformer
V2 on the OCT dataset and that using the PolyLoss loss function can further improve the
performance of the network.

Table 6. Average of experimental results using CrossEntropy and PolyLoss functions on datasets
OCT2017 and OCT-C8, respectively. Significant values are in bold.

Dataset Method Loss Accuracy Precision Recall Specificity F1-Score

OCT2017

EfficientNetV2
CrossEntropy 0.982 0.966 0.963 0.980 0.963
PolyLoss 0.981 0.966 0.963 0.985 0.963

VIT
CrossEntropy 0.965 0.938 0.930 0.977 0.917
PolyLoss 0.966 0.940 0.933 0.978 0.933

Swin
Transformer CrossEntropy 0.998 0.995 0.995 0.998 0.995

Paper [30] PolyLoss 0.998 0.997 0.997 0.999 0.997

Swin
Transformer V2 CrossEntropy 0.998 0.996 0.996 0.999 0.996

Ours PolyLoss 0.999 0.999 1.0 0.999 0.997

OCT-C8

VIT
CrossEntropy 0.975 0.903 0.901 0.986 0.901
PolyLoss 0.976 0.905 0.903 0.986 0.903

Swin
Transformer CrossEntropy 0.994 0.978 0.978 0.997 0.978

Paper [30] PolyLoss 0.994 0.978 0.978 0.997 0.978

Swin
Transformer V2 CrossEntropy 0.995 0.978 0.978 0.997 0.978

Ours PolyLoss 0.995 0.980 0.980 0.997 0.980

On the OCT-C8 dataset, this method outperformed VIT and Swin Transformer, and
using the PolyLoss loss function further improved performance, resulting in the best
average performance. After using the PolyLoss loss function, Swin Transformer and our
Swin Transformer V2 achieved 100% accuracy in the ADM, CSR, DR, and MH categories. In
summary, in our experiments, Swin Transformer V2 demonstrated excellent classification
ability on the OCT dataset. In addition, we found that using the PolyLoss loss function can
further improve the performance of the network.

In addition, we compared our results with other studies. Table 7 shows the results of
our comparison. Through comparison, we found that our Swin Transformer V2 improved
with PolyLoss, achieving better accuracy and sensitivity performance. This demonstrates
the reliability of our method in OCT image classification. These results indicate that
our method has high reliability and accuracy in OCT image classification. Our Swin
Transformer V2 improved with PolyLoss not only performs well in terms of accuracy,
but also achieves good results in terms of sensitivity. These achievements provide strong
support for our research in the field of OCT image classification and lay a solid foundation
for future research.

Figure 7a,b are the confusion matrices of Swin Transformer V2 using CrossEntropyLoss
and PolyLoss when tested with 968 images in the OCT2017 dataset, respectively. Figure 8b
represents that the model judged a DME image as CNV disease, while it made zero
errors in other categories, thus proving the excellent classification ability of the network.
Figure 7c,d are the confusion matrices using two loss functions on 2800 test images in
OCT-C8, respectively. As can be seen, the network has successfully classified AMD, CSR,
DR, and MH data.
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Table 7. Experimental results using different models on the OCT2017 and OCT-C8 datasets, respec-
tively. Significant values are indicated in bold.

Dataset Model Accuracy Sensitivity

OCT2017

InceptionV3 [39] 0.934 0.978
MobileNet-v2 [40] 0.985 0.994

ResNet50-v1 [9] 0.993 0.993
Joint-Attention-Network ResNet-v1 [41] 0.924

Xception [42] 0.997 0.997
OpticNet-71 [43] 0.998 0.998

Swin Transformer V1 [30] 0.998 0.998
Ours 0.999 0.999

OCT-C8

VIT 0.975 0.986
GAN [44] 0.939

Swin Transformer 0.994 0.997
Deep CNN [45] 0.938
CenterNet [46] 0.981

Ours 0.995 0.997

Figure 8. Gradient-weight class activation mapping on OCT2017 of our proposed networks.

For the trained OCT model, we use Grad-CAM to visualize the decision-making
mechanism of the prediction. Grad-CAM is a gradient-based deep network visualization
method that explains the classification basis of deep neural network models in the form of
heat maps, making category judgments through the pixels of the image. Figures 8 and 9
show heatmaps of the prediction results for the OCT2017 and OCT-C8 datasets, respectively.
The colors of the heatmap represent regions of interest, with red indicating high correlation
with the target category and blue indicating less attention to the region. The purple area is
the result of filling the blank area after data enhancement of the image. Meanwhile, lesion
regions show up as a darker red color in disease OCT images. As shown in Figure 8, the
second row of images shows the Grad-CAM of the DME image, and from the third image,
it can be observed that the region of susceptibility contains the macular edema lesion. The
image in the third row and fourth column of Figure 8 shows the region of interest for
Drusen and also the region where the lesion occurred. Figure 9 is a partial image of the
heat maps of the eight disease categories on the OCT-C8 dataset, showing the prediction of
the heat maps of the lesion regions of each disease by our trained model. Grad-CAM helps
us to see the regions of interest that the model focuses on when making a prediction, and
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thus to understand the decision-making process of the prediction. It is worth noting that
this focus on the region of interest is also consistent with the ophthalmologist’s observation
and diagnostic process.

Figure 9. Gradient-weight class activation mapping on OCT-C8 of our proposed networks.

5. Conclusions

In this paper, a multi-fundus disease classification model based on Swin Transformer
V2 and the PolyLoss loss function was proposed. By comparing two different loss functions,
it has been demonstrated that the PolyLoss function can enhance the model’s functionality.
In the final experiment, an evaluation index close to 1 was achieved on the OCT2017 dataset,
proving the good performance of the model in classifying OCT images. To validate the
generalization ability of the network, it was trained and evaluated on OCT-C8, attaining a
score of 1 for accuracy and other assessment metrics in half of the OCT illness categories
and an average accuracy of 99.5% on the OCT-C8 dataset, proving the effectiveness of our
designed model in classifying fundus diseases on OCT images.

The basic Swin Transformer V2 demonstrated strong performance on the publicly
available OCT2017 dataset, making further improvements challenging. In clinical practice,
misdiagnosis and missed diagnosis can lead to serious medical accidents and cause great
pain to patients. The aim of our work is to improve the accuracy of model automatic
diagnosis as much as possible to reduce the occurrence of misdiagnosis and missed diag-
nosis. However, by using polynomial loss and optimizing the network parameters, we

134



J. Imaging 2023, 9, 203

were able to achieve a comprehensive improvement in performance metrics at a high-
performance level of 99.7%, achieving a score close to 1. This indicates that our modified
network model exhibits superior diagnostic capabilities. Although the magnitude of im-
provement is relatively small, it has positive implications for reducing misdiagnosis and
improving diagnosis.

However, despite the good progress made by deep learning models in identifying
abnormalities on retinal OCT images, due to the limited dataset, it is not possible to verify
how well they perform on other retinal OCT data. In the future, more retinal OCT data
will be sought to validate and improve the network. In addition, turning a network model
into a powerful tool in the hands of clinical ophthalmologists in real life is also a major
challenge, requiring more professionals to work together to turn theoretical methods into
products that improve ophthalmic diagnosis.
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Abstract: Regular screening and timely treatment play a crucial role in addressing the progression
and visual impairment caused by cataracts, the leading cause of blindness in Thailand and many
other countries. Despite the potential for prevention and successful treatment, patients often delay
seeking medical attention due to the gradual and relatively asymptomatic nature of cataracts. To ad-
dress this challenge, this research focuses on the identification of cataract abnormalities using image
processing techniques and machine learning for preliminary assessment. The LeNet-convolutional
neural network (LeNet-CNN) model is employed to train a dataset of digital camera images, and
its performance is compared to the support vector machine (SVM) model in categorizing cataract
abnormalities. The evaluation demonstrates that the LeNet-CNN model achieves impressive results
in the testing phase. It attains an accuracy rate of 96%, exhibiting a sensitivity of 95% for detecting
positive cases and a specificity of 96% for accurately identifying negative cases. These outcomes sur-
pass the performance of previous studies in this field. This highlights the accuracy and effectiveness
of the proposed approach, particularly the superior performance of LeNet-CNN. By utilizing image
processing technology and convolutional neural networks, this research provides an effective tool for
initial cataract screening. Patients can independently assess their eye health by capturing self-images,
facilitating early intervention and medical consultations. The proposed method holds promise in
enhancing the preliminary assessment of cataracts, enabling early detection and timely access to
appropriate care.

Keywords: cataract detection; systematic development; LeNet–convolutional neural network

1. Introduction

Cataract represents a prevalent ocular disorder characterized by the opacification or
clouding of the crystalline lens within the eye. The crystalline lens is an integral component
responsible for refracting and focusing incoming light onto the retina, thereby enabling
visual perception. Cataracts emerge when this normally transparent and refractive lens
undergoes degenerative changes, leading to a loss of transparency and impairment of
optical functionality. The etiology of cataracts is multifactorial, encompassing various
causative factors. Age-related cataracts, the most common form, develop gradually as a
result of intrinsic aging processes, such as oxidative stress and protein denaturation. Addi-
tionally, other factors, including genetic predisposition, metabolic disorders (e.g., diabetes
mellitus), trauma, long-term exposure to ultraviolet radiation, and certain medications
(e.g., corticosteroids) have been implicated in the pathogenesis of cataracts. Clinically,
individuals afflicted with cataracts experience a range of visual disturbances that adversely
impact their visual acuity and quality of life. The hallmark symptom is a progressive
blurring of vision, which gradually worsens over time. As the cataract matures, the affected
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individuals often report a reduction in visual sharpness and clarity, leading to difficulties in
discerning fine details and performing daily activities that require visual precision, such as
reading, driving, or recognizing faces. In addition to blurred vision, cataract-related visual
impairments encompass alterations in color perception. Colors may appear faded, washed
out, or desaturated, hindering the accurate discrimination of hues. Moreover, the presence
of cataracts can elicit an increased sensitivity to light, resulting in glare and halos around
light sources, especially in low-light conditions or in the presence of bright illumination.
Furthermore, individuals suffering from cataracts frequently describe a sensation of visual
discomfort, including the perception of darkened or dimmed vision. This reduced contrast
sensitivity impairs the ability to distinguish objects against backgrounds of similar tonal
value, leading to difficulties in perceiving objects in low-contrast environments. Addi-
tionally, cataracts can give rise to visual aberrations, such as the presence of irregularities
or lines within the visual field, contributing to visual distortion and further hindrance in
accurate visual perception. It is worth noting that cataracts may affect one or both eyes, and
the severity and progression of the condition can vary among individuals. Furthermore,
the location and extent of lens opacification can vary, ranging from subtle localized changes
to widespread clouding of the lens. Given the prevalence of cataracts and their impact
on visual function, timely diagnosis and appropriate management are crucial. Cataract
surgery, involving the removal of the cloudy lens and its replacement with an intraocular
lens, represents the most effective treatment option, offering significant improvements in
visual acuity and quality of life for affected individuals. Figure 1 shows the eye conditions
of normal eyes and cataracts.

(a) (b) 

Figure 1. Illustration of eye conditions: (a) normal eyes and (b) cataracts.

Investigating the unique occurrences of cataracts in the elderly population unveils a
deeper understanding of the intricate interplay between aging, ocular health, and visual
impairment. This exploration underscores the imperative of a comprehensive and differ-
entiated assessment, enabling a more nuanced approach to diagnosing and treating these
specific cataract variations. As we delve into the specific types of cataracts, we encounter
nuclear cataracts as the starting point. This variety affects the nucleus, the lens’s central
part near the inner corner of the eye. The opacity in this region contributes to cloudiness
and a yellow or brown tinge. This distortion not only distorts the passage of light but
also hints at the underlying physiological changes occurring within the lens. This type
of cataract carries implications beyond mere visual impairment, touching on the complex
mechanisms that influence refractive errors and their impact on near and distant vision. It is
intriguing how a localized issue can have ramifications that extend beyond the immediate
affected area. Transitioning to cortical cataracts, we enter into a realm of lens anatomy
that might not be as familiar to the general population. The cortex, a critical component of
the lens, undergoes swelling, leading to an opaque appearance. The pattern of clouding,
resembling radial grooves, invokes curiosity about the underlying biomechanical processes.
It is evident that cataracts are not solely about blurred vision; they offer a glimpse into the
intricate molecular changes that unfold within the lens over time. Posterior subcapsular
cataracts take us even further, revealing a process occurring around the lens fibers at the
back of the lens. The description of “small golden and white grains” opens up a visual
representation of the microscopic world within our eyes. This imagery contrasts with our
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typical perception of the eye as a translucent organ, revealing the complex internal dynam-
ics that contribute to visual acuity and clarity. Understanding these processes adds a layer
of complexity to the simple notion of “clouded vision.” What is particularly captivating is
the interconnectedness between these cataract variations and other ocular conditions. The
link between cataracts and glaucoma, for instance, demonstrates how a single condition
can cascade into more severe consequences. The intricate web of cause-and-effect relation-
ships calls for a more holistic approach to diagnosis and treatment, recognizing that eye
health is not isolated but part of a broader systemic landscape. By meticulously examining
the progression of these cataract variations, we gain insight into the challenges faced by
untreated older adults. The cascading effects of abnormalities within the lens are akin to a
domino effect, ultimately impacting visual function and overall ocular health. This insight
emphasizes the significance of proactive measures, particularly for a demographic that is
more susceptible to such disorders. In light of this, the emphasis on early management and
treatment becomes not just a medical recommendation but a strategic imperative. It is a
call to action to integrate knowledge, awareness, and accessible healthcare to address the
specific needs of older adults and mitigate the potential for long-term visual impairment.
This in-depth exploration of atypical cataracts and their implications invites us to see
beyond the surface of visual impairment and delve into the intricacies of ocular health and
aging. It underscores the value of multidisciplinary collaboration and continuous research
in enhancing our understanding and management of these complex ocular disorders.

The manifestation of cataract encompasses a perceptible deterioration in visual acuity,
characterized by progressive opacification of the eye’s lens. While the initial stages of this
ocular condition do not detrimentally impact visual function, its relentless progression
eventually impairs visual perception. The incidence of cataracts predominantly afflicts
individuals aged 40 years and above [1]. Early identification of cataract pathology holds
the potential to avert the exigency for invasive and arduous surgical procedures while
concurrently curbing the substantial financial burden. Moreover, timely detection serves
as a prophylactic measure against escalating visual debilitation in consonance with the
disease’s severity spectrum [2]. The World Health Organization (WHO) [3] reports a stag-
gering global prevalence of approximately 285 million individuals grappling with visual
impairment. Among this population, 39 million individuals experience visual constric-
tion, while the remaining fraction endures aberrant visual phenotypes. Notably, cataract
pathology assumes responsibility for 33% of visual impairment cases, with an even more
daunting statistic of 51% attributing to ocular blindness [4]. In 2020, Flaxman et al. [5]
prognosticated the forthcoming figures of individuals afflicted with moderate to severe vi-
sual impairment and blindness, approximating 237.1 million and 38.5 million, respectively.
Within these prognoses, cataract-induced visual morbidity would impact an estimated
57.1 million individuals (24%) and 13.4 million individuals (35%). The extrapolation war-
rants the alarming projection that the global population of visually impaired individuals
will surpass the 40-million threshold by the year 2025 [6]. Previous research studies have
substantiated the minor advancements made in the realm of ocular healthcare and visual
impairment management over the past decade. Among the principal etiological factors
leading to visual disability, cataract assumes a prominent position [7,8]. The prevailing
ocular landscape encompasses three primary categories of cataracts: nuclear cataracts [9],
cortical cataracts [10], and posterior subcapsular (PSC) cataracts [11]. These cataract types
are commonly attributed to prevalent factors, including advancing age, diabetes mellitus,
and tobacco consumption [5]. Early detection of cataracts assumes pivotal significance
in mitigating the risk of visual impairment. However, the development of automated
cataract detection systems presents formidable challenges, encompassing the intricate
interplay of three pivotal aspects: (i) the wavelength regime of cataractous opacities and
accompanying color variations, (ii) the morphological dimensions and spatial localiza-
tion of cataract lesions, and (iii) intrinsic factors, such as the patient’s age, gender, and
ocular characteristics. Contemporary investigations have explored an array of imaging
modalities as potential candidates for automated cataract detection and classification, in-

140



J. Imaging 2023, 9, 197

cluding slit-lamp biomicroscopy, retro-illumination imaging, ultrasound imaging, and
fundus imaging. In particular, fundus imaging has garnered significant attention in this
domain, owing to its facile applicability, even enabling patient self-assessment [12]. In
contrast, the utilization of slit-lamp biomicroscopy necessitates the presence of experienced
and proficient ophthalmologists, thus impeding its widespread adoption, particularly in
developing nations with inadequate healthcare infrastructure [4]. To streamline the intricate
landscape of primary cataract screening and facilitate the advent of an automated cataract
detection system, a paradigm integrating advanced image processing methodologies is
imperative. A multitude of deep learning-based automated cataract detection systems
have been documented, predominantly relying on central feature descriptors, such as
the Discrete Cosine Transform (DCT) [13], specific local standards, such as local pattern
deviation [14], and sophisticated deep convolutional neural networks (CNN) that capi-
talize on their inherent capacity for profound feature extraction, consequently affording
heightened diagnostic accuracy. Nonetheless, despite the extensive proliferation of deep
learning-based automated cataract detection systems in the literature, certain inherent
limitations persist, encompassing suboptimal detection accuracy, an excessive proliferation
of high-dimensional parameters, and computationally intensive operations that engender
exorbitant computational costs. Cognizant of the paramount significance and ramifica-
tions of timely cataract management, researchers harbor a resolute aspiration to delve
into diverse process models that can be harnessed for ocular image processing, thereby
empowering patients to conduct preliminary self-assessments of their ocular condition. In
this context, researchers have proffered an innovative approach characterized by an image
processing workflow tailored for detecting and classifying cataract abnormalities, enabling
patients to engage in rudimentary evaluations of their own cataractous manifestations.
By enabling preliminary assessments that manifest congruence with visual impairments
and somatic distress, this framework imparts patients with the necessary impetus to seek
expeditious therapeutic interventions, thereby curbing the trajectory of disease progression
and preempting the advent of latent sequelae [4].

The researchers have identified the inherent challenges and profound significance
associated with the management of ocular disorders, particularly corneal diseases. Conse-
quently, their primary objective entails a comprehensive investigation of diverse paradigms
and methodologies that can be harnessed for the purpose of corneal image analysis. Such
endeavors aim to empower patients to engage in preliminary self-assessment of their
corneal status, thus facilitating an initial evaluation of their ocular health. To this end, the
researchers have meticulously devised a discerning framework, leveraging cutting-edge
image processing technologies to discern and classify aberrant corneal conditions. By
virtue of this preliminary assessment, complemented by concurrent visual anomalies and
corporeal discomfort, affected individuals are prompted to expeditiously seek specialized
medical intervention, thereby mitigating the gravity and latent perils that may ensue from
deferred therapeutic measures.

The contemporary automated corneal detection systems encompass a tripartite process
comprising preprocessing, feature extraction, and classification [15–20]. These method-
ologies can be bifurcated into two cohorts contingent upon the algorithms harnessed for
either feature extraction or classification stages: machine learning (ML) and deep learning
(DL) paradigms. Recent scholarly investigations have extensively expounded upon these
modalities [21–24]. We aim to succinctly summarize the foremost contributions emanating
from both factions.

Machine Learning (ML)-Based Methods: ML-based algorithms have ubiquitously per-
meated corneal detection systems, serving as the bedrock for extracting pertinent features
and effectuating corneal abnormality classification. Prominent studies have harnessed
ML techniques, encompassing support vector machines (SVM), random forests (RF), and
K-nearest neighbor (KNN) [21]. These endeavors have evinced compelling outcomes in
terms of accuracy and efficiency, affording precise identification and taxonomizing of
corneal manifestations.
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Gao et al. [25] presented a computer-aided corneal detection system designed for large-
scale screening and preparatory grading. The system integrates enhanced feature extraction
with linear discriminant analysis (LDA) as its primary analytical framework. Experimental
evaluations on clinical databases showcase its efficiency, boasting a remarkable accuracy
rate of 84.8% in detecting corneal abnormalities.

Yang et al. [26] presented an automated corneal detection methodology utilizing
a sequential three-step approach that incorporates the top-bottom hat transformation
technique to optimize the contrast between the corneal region and its background. The
method considers brightness values and distinctive features during the detection process
and employs a backpropagation-based neural network (BBNN) for severity classification,
differentiating corneal conditions into mild, moderate, or severe categories. They work
on cataracts and highlight a neural network classifier designed for automatic cataract
detection in retinal images. This classifier uses enhanced image transformation, feature
extraction techniques, and a two-layer BP neural network to grade cataracts by severity.
Together, these advancements signify strides in computer-assisted corneal detection and
cataract grading, with promising outcomes in diagnostic efficiency and patient care, rooted
in techniques such as LDA and BBNN.

Guo et al. [27] introduced a computer-aided corneal categorization system that em-
ploys image-based referencing, followed by wavelet-based and morphology-based feature
extraction. Subsequently, a multi-level classification algorithm is utilized for corneal de-
tection and grading, yielding correct classification rates (CCRs) of 90.9% and 77.1% for
wavelet-based features and 86.1% and 74.0% for morphology-based features, respectively.

Furthermore, Fuadah et al. [28] employed the KNN algorithm for corneal classification
and achieved feature fusion by considering image-based characteristics, such as sharpness
difference and uniformity. This system was successfully implemented on smartphones,
yielding an impressive accuracy rate of 97.5%.

Moreover, a highly competitive corneal detection system was presented by the re-
searchers in [29], where statistical analysis of content-based features was utilized. The
system incorporated the Gray-Level Co-occurrence Matrix (GLCM) for content feature
extraction. The test dataset was categorized into normal or corneal conditions using KNN,
resulting in an average accuracy of 94.5%. It should be noted that manual intervention
by users/experts is required during the processing stage, specifically for outlining and
segmenting the specific areas of interest. Consequently, the system cannot be considered
fully automated. Nevertheless, this system successfully operated on standard eye im-
ages captured without employing a slit-lamp or confocal microscopy. These scholarly
contributions illustrate significant progress in computer-assisted corneal detection and
classification systems. By employing various techniques, such as wavelet transform, image
morphology, KNN, and GLCM, these studies have demonstrated promising outcomes in
achieving accurate corneal analysis and grading. Consequently, these advancements hold
great potential in enhancing diagnostic capabilities and facilitating clinical decision-making
processes.

Yang et al. [4] proposed a novel approach for corneal detection and grading using
ensemble learning methods. The study involved the extraction of features from distinct
feature sets and the construction of dual learning models for each group. By leveraging
ensemble methods, such as combining multiple learning models, image categorization
was achieved with high accuracy, as evidenced by the correct classification rates (CCRs) of
93.2% for detection and 84.5% for grading.

Similarly, Caixinha et al. [30] developed an automated in vivo system for the detec-
tion and categorization of nuclear cataracts. This system incorporated machine learning
techniques and ultrasound-based algorithms. By extracting 27 frequency and time-domain
features, the researchers explored classification methods, including SVM, Bayes, multilayer
perceptron, and random forest, to effectively categorize corneal conditions. Notably, while
the ultrasound-based method demonstrated commendable accuracy in corneal screening,
it incurred substantial costs and involved a complex image-processing workflow.
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Moreover, in [31], a corneal image classification framework utilizing SVM and subse-
quent grading by an RBF network was presented. This framework achieved a noteworthy
specificity rate of 93.33% in assessing the severity of corneal abnormalities. Additionally,
Rana and Galib [1] introduced a smartphone application compatible with Android, iOS,
and Windows platforms, empowering users to self-diagnose corneal conditions. Through
the consideration of texture characteristics and the analysis of relevant data, the application
exhibited a commendable accuracy rate of 85%. These investigations underscore the signifi-
cance of machine learning techniques, ensemble learning, ultrasound-based algorithms,
and smartphone applications in the realm of corneal analysis. The integration of these
advanced methodologies holds promise for accurate corneal detection, reliable grading,
and improved accessibility to corneal diagnostics.

Jagadale et al. [32] proposed the utilization of Hough circle detection transformation as
a means to detect the centers and radii of lenses. Subsequently, statistical feature extraction
techniques were applied and integrated into an SVM classifier for precise corneal detection,
achieving a commendable accuracy rate of 90.25%. Similarly, Sigit et al. [33] presented an
innovative approach for corneal detection on Android smartphones. The categorization
process was facilitated by a streamlined single perceptron layer methodology, yielding an
impressive accuracy of 85%. In a more recent study, the work introduced in [6] introduced
a hierarchical feature extraction strategy for corneal grading. The challenge of categorizing
corneal severity into four distinct levels was transformed into a more manageable two-level
grouping task. This was effectively addressed through the individual training of neural net-
works, followed by their collective integration. Remarkably, the proposed system achieved
detection and grading accuracies of 94.83% and 85.98%, respectively. These research en-
deavors exemplify the successful application of Hough circle detection, statistical feature
extraction techniques, SVM classifiers, perceptron layers, and hierarchical neural networks
in the domain of corneal analysis. The adoption of these methodologies has yielded signifi-
cant advancements in corneal detection, grading, and categorization. Consequently, these
findings contribute substantively to the enhancement of corneal diagnostic accuracy and
overall efficacy.

Deep Learning (DL)-Based Methods: DL methodologies have attained paramount
significance owing to their intrinsic capacity to discern intricate patterns and glean salient
representations from intricate datasets. CNNs, an influential subset of DL models, have
exhibited extraordinary performance vis-à-vis corneal image analysis [21]. Astute re-
searchers have judiciously employed CNN architectures, such as VGGNet, ResNet, and
InceptionNet, to discern and classify corneal aberrations with unprecedented accuracy
and resilience. The utilization of deep learning methodologies has demonstrated their
efficacy in acquiring essential features and integrating feature learning procedures into
the model creation process, thereby mitigating the inherent deficiencies of manual feature
engineering and applying them across divergent medical imaging modalities [34,35]. In-
vestigative endeavors by Gao et al. [36] have explored the utilization of deep learning for
the categorization of nuclear cataract severity from slit-lamp images. A localized image
patch grid was established, whereby image patches were assigned to a CNN to extract
regional features. Subsequently, recurrent neural networks (RNNs) were employed to
extract increasingly intricate features. The clustering of cataracts was executed utilizing
support vector regression (SVR) techniques.

In a similar vein, Zhang et al. [37] proposed a deep convolutional neural network
(DCNN) for the detection and grading of cataracts, capitalizing on feature maps derived
from hierarchical data fusion structures. This approach proved to be temporally efficient,
yielding commendable accuracies in cataract detection and grading, amounting to 93.52%
and 86.69%, respectively. These investigations exemplify the successful application of
deep learning methodologies in tackling the challenges pertaining to cataract detection
and grading. By automating the feature learning process and leveraging advanced neural
network architectures, such as CNNs and RNNs, these methodologies offer substantial
enhancements in accuracy and efficiency, transcending conventional manual feature engi-
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neering techniques. Moreover, the incorporation of SVR and DCNN techniques further
elevates the performance and robustness of the models, resulting in promising outcomes in
cataract diagnosis and severity assessment. These contributions underscore the potential of
deep learning approaches in advancing the realm of medical image analysis and fostering
the development of automated systems for ophthalmic healthcare.

Ran et al. [38] developed a novel methodology aimed at accurately grading the sever-
ity of cataracts across six distinct levels. The approach employed a synergistic combination
of DCNNs and RF to effectively extract and analyze features at various levels from cataract
images. Specifically, the methodology consisted of three modules, each contributing to the
feature extraction process. The DCNNs were responsible for generating a dataset compris-
ing extracted features, which were subsequently utilized by RF to perform the intricate task
of grading cataracts across the complex six-level scale. Notably, the proposed methodology
achieved an average accuracy of 90.69%. The multi-level grading system offered by this
approach has significant implications for improving the accuracy and precision with which
ophthalmology experts comprehend the severity of cataracts in patients. By integrating
deep learning techniques with ensemble learning methodologies, Ran et al. [38] have not
only achieved high accuracy but have also provided a comprehensive understanding of
cataract severity across multiple levels. Such advancements hold considerable potential for
enhancing clinical decision-making and ultimately improving the quality of patient care
in the field of ophthalmology. In conclusion, the amalgamation of DCNNs and RF in the
proposed methodology by Ran et al. [38] represents a notable contribution to the field of
cataract severity grading. The rigorous utilization of deep learning and ensemble learning
techniques offers a robust framework for effectively analyzing and categorizing cataract
images. This research underscores the importance of leveraging advanced computational
approaches to address complex medical challenges, thereby paving the way for improved
diagnostic accuracy and treatment outcomes.

Pratap and Kokil [39] propose an innovative methodology aimed at facilitating the
detection and assessment of cataract severity, ranging from prototype images to advanced
stages. Their approach leverages the concept of transfer learning to accomplish automatic
cataract classification. The final classification stage is carried out through the utilization
of feature extraction techniques in conjunction with SVM. Impressively, the methodology
achieves a noteworthy accuracy rate of 92.91% throughout the four-step process. The uti-
lization of transfer learning in this study showcases the potential of leveraging pre-existing
knowledge and pre-trained models from prototype images to effectively classify cataracts
across varying degrees of severity. By integrating advanced feature extraction methods
with SVM-based classification, the proposed approach enables accurate categorization and
augments the overall diagnostic capabilities of the system. The reported high accuracy rate
exemplifies the efficacy and promise of the proposed methodology in automated cataract
classification. Pratap and Kokil’s work significantly contributes to the field of cataract diag-
nosis and classification by presenting a robust methodology that synergistically combines
transfer learning and machine learning techniques. By achieving exceptional accuracy
in automated categorization, their approach presents a valuable tool for clinicians and
ophthalmologists, empowering them to accurately assess the severity of cataracts. The
research demonstrates the potential of leveraging transfer learning to develop automated
systems for cataract diagnosis, which ultimately translates into timely and precise treatment
decisions for patients. In conclusion, the methodology proposed by Pratap and Kokil [39]
underscores the efficacy of transfer learning in automating the classification of cataracts.
The amalgamation of sophisticated feature extraction techniques with SVM-based classi-
fication underscores the potential of machine learning methodologies in enhancing the
diagnostic process for cataract severity assessment. This research opens up new avenues
for further advancements in computer-assisted diagnosis and contributes to the collective
understanding and management of cataracts within the field.

Jun et al. [40] have presented a pioneering approach in the domain of cataract severity
assessment, wherein they introduce a Tournament-based Ranking CNN system. This novel

144



J. Imaging 2023, 9, 197

system addresses the critical task of accurately classifying the severity levels of cataracts
through the fusion of tournament-based architecture and CNN modeling, thus facilitating
robust evaluation of binary labeled cataract data. The Tournament-based Ranking CNN
framework leverages the inherent advantages of a tournament structure, enabling com-
prehensive comparative evaluations of cataract images within the system. By assigning
a ranking to each image based on its severity level, the framework establishes a reliable
hierarchy that captures the varying degrees of cataract severity. Concurrently, the CNN
model integrated within the framework plays a pivotal role in extracting salient features
from the cataract images, contributing to precise classification outcomes. The adoption
of a binary labeled dataset in this study empowers the system to discriminate between
normal and cataract-affected images with remarkable efficacy. The incorporation of the
Tournament-based Ranking CNN methodology marks a significant milestone in the field
of cataract severity assessment, revolutionizing the traditional approaches prevalent in
clinical settings. The system’s ability to rank cataract images based on their severity not
only offers quantitative metrics but also augments the decision-making process for clini-
cians, facilitating tailored treatment strategies. Furthermore, the integration of CNN-based
feature extraction mechanisms enhances the system’s discriminative capabilities by cap-
turing high-level characteristics indicative of cataract severity. The research conducted by
Jun et al. establishes a notable contribution to the expanding body of knowledge in the
field of cataract diagnosis and severity assessment. The Tournament-based Ranking CNN
system presents a robust and efficient methodology for objectively evaluating cataract
severity levels. The utilization of binary labeled data, coupled with the incorporation of
CNN-based feature extraction, accentuates the system’s precision, thereby advancing the
accuracy and reliability of cataract severity classification. To summarize, Jun et al. [40]
introduce an innovative system in their research, encompassing the Tournament-based
Ranking CNN framework for cataract severity classification. This cutting-edge methodol-
ogy amalgamates tournament-based evaluations and CNN modeling, enabling accurate
ranking and classification of cataract images according to their severity levels. The findings
demonstrate promising outcomes, promising to automate and streamline cataract severity
assessment, empowering clinicians with vital information for informed decision-making
and optimal patient care.

Hossain et al. [41] have made notable contributions to the field of cataract detec-
tion by proposing a sophisticated system that leverages DCNNs and Residual Networks
(ResNets). Their work focuses on achieving high accuracy in categorizing cataract severity
levels. In a similar vein, Zhang et al. [42] have presented a cataract detection method
that employs an ensemble approach, incorporating ultrasound images to enhance accu-
racy, which surpasses alternative deep learning methodologies with a remarkable 97.5%
precision. The proposed system comprises three key components: an object detection
network, multiple categorization networks, and a model fusion module. Performance
evaluation of the system demonstrates satisfactory outcomes, particularly in scenarios
with limited training data. However, it is important to acknowledge a primary limita-
tion of this methodology, namely its reliance on image clarity as a reference for assessing
cataract severity, as this criterion may be influenced by other ocular conditions such as
corneal opacities and diabetic retinopathy. Consequently, the method may not be adept
at distinguishing between different types of ocular diseases. The research conducted by
Hossain et al. [41] and Zhang et al. [42] represents a significant advancement in cataract
detection and severity assessment. The utilization of DCNNs, ResNets, and the ensemble
methodology underscores their effectiveness in accurately categorizing cataracts. These
findings hold great promise for enhancing the diagnostic process and assisting healthcare
professionals in making informed decisions regarding patient care. Nonetheless, future
investigations should address the challenges associated with classifying various ocular
conditions and explore novel techniques to further enhance the overall performance and
reliability of the system. In summary, the research conducted by Hossain et al. [41] and
Zhang et al. [42] constitutes a notable contribution to the field of cataract detection. Their
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utilization of advanced deep learning architectures, such as DCNNs, ResNets, and the
ensemble methodology, demonstrates the potential to achieve accurate categorization of
cataract severity. However, it is essential to acknowledge the limitations imposed by the
reliance on image clarity as a criterion for severity assessment, as this may hinder the
differentiation of different ocular diseases. Further research efforts in this domain have the
potential to refine cataract diagnosis and significantly impact patient outcomes.

Khan et al. [43] conducted a comprehensive investigation into the measurement of
cataract severity from panoramic dental images. Their study employed the VGG-19 model
with transfer learning techniques on the latest publicly available dataset from the KAGGLE
platform [44]. Remarkably, their approach achieved a near-equivalent accuracy rate of
97.47%, establishing a new benchmark in cataract detection. In a related work, Pratap and
Kokil [45] published a novel method for aiding cataract diagnosis in environments plagued
by disruptive noise. By leveraging a dedicated CNN trained on both internal and external
datasets, they demonstrated the resilience of their approach even under adverse conditions.
This pioneering research represents a pioneering exploration into the robustness of cataract
detection systems, particularly in the presence of acoustic interferences. The contributions
made by Khan et al. [43] and Pratap and Kokil [45] constitute notable advancements in
the field of cataract detection. The utilization of the VGG-19 model and dedicated CNN
architectures in these studies attests to their efficacy in achieving highly accurate cataract
diagnosis. Moreover, the investigation of system resilience to environmental noise holds
substantial potential for enhancing the reliability and practicality of cataract detection
methodologies. Further validation and refinement of these approaches within real-world
clinical settings will yield valuable insights into their integration into the existing health-
care framework. In summary, the research conducted by Khan et al. [43] and Pratap and
Kokil [45] significantly contributes to the domain of cataract detection. Their utilization
of advanced models, such as VGG-19, along with tailored CNN architectures, highlights
the potential for achieving exceptional accuracy in cataract diagnosis. Furthermore, the
exploration of system robustness in the presence of environmental noise demonstrates
a commendable effort to address practical challenges faced in clinical settings. Ongoing
research endeavors in this area are expected to further enhance cataract detection method-
ologies, ultimately impacting clinical decision-making processes in a meaningful manner.

Observations reveal a conspicuous disparity [46–48] between the abundance of re-
search endeavors following conventional machine learning paradigms and the paucity of
investigations reporting on cataract detection and severity classification through deep learn-
ing methodologies. Consequently, a multitude of obstacles persist, necessitating diligent
attention. Paramount among these challenges is the imperative to heighten model precision
whilst concurrently mitigating complexity by curtailing the number of parameters during
the training phase, the stratum count, the depth, the runtime, and the overall dimensions
of the model. To augment the accuracy of deep learning models for cataract detection and
severity classification, the employment of sophisticated regularization techniques emerges
as a promising avenue. By incorporating regularization mechanisms such as dropout, L1
or L2 regularization, or batch normalization, models can effectively assuage overfitting
and bolster generalization prowess. Moreover, the exploration of advanced optimization
algorithms, including Adam, RMSprop, or learning rate scheduling, holds the potential to
fortify model convergence and overall performance. Additionally, harnessing cutting-edge
architectures like ResNet, DenseNet, or Inception offers prospects for refining feature repre-
sentation and hierarchical learning, facilitating the discernment of nuanced patterns and
intricate relationships embedded within cataract images. Fine-tuning pre-trained models
on voluminous and heterogeneous datasets can further surmount limitations attributable
to inadequate training samples, thus culminating in elevated performance and heightened
generalizability [49–51]. Furthermore, grappling with the exigencies associated with inter-
pretability and explainability in deep learning models tailored to cataract detection assumes
paramount significance. The development of techniques enabling visualization and inter-
pretation of learned features and decision-making processes in these models engenders
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profound insights into their inferential outputs, fostering trust and facilitating their adop-
tion within clinical milieus. To recapitulate, despite the extensive examination of traditional
machine learning approaches in cataract detection, an array of challenges intrinsic to deep
learning methodologies remains extant. Enhanced model accuracy while minimizing com-
plexity, the adept utilization of advanced regularization and optimization techniques, the
exploration of avant-garde architectures, and the resolution of interpretability quandaries
all constitute pivotal domains warranting sustained scrutiny [52–55]. By surmounting
these impediments, the field can ascend towards the realm of more precise, efficient, and
explicable deep learning models for cataract detection and severity classification.

Santra et al. [56] presented a novel research endeavor focused on the development
of an automatic classification system for optic nerve diseases. Employing sophisticated
computer vision algorithms, the study explored two distinctive approaches to tackle this
problem. The first approach encompassed a traditional computer vision methodology,
which was subsequently complemented by the integration of a machine learning (ML)
model. Various ML algorithms, namely multinomial logistic regression, random forest,
gradient boosting classifier, and support vector machine, were employed to train the data
and extract valuable insights from the optic nerve images. The second approach, character-
ized by automatic feature engineering and classification, leveraged CNN. This technique
facilitated the creation of multiple class-specific models, enabling the accurate identifica-
tion of specific diseases as well as binary classification to determine disease presence or
absence. To evaluate the performance of the developed models, a carefully labeled dataset
comprising 600 retinal images was utilized for training purposes. Results indicated that
the ML models exhibited remarkable accuracy, surpassing 90% in correctly identifying
various optic nerve diseases. Conversely, the CNN models yielded less satisfactory out-
comes during the testing phase, with an accuracy below 60%. Accuracy was calculated
as the ratio of correctly classified images to the total number of images within the dataset.
These findings underscore the efficacy of the ML approach in effectively discerning optic
nerve diseases, thus highlighting its potential for clinical application. However, further
refinement and optimization of the CNN models are warranted to enhance their accuracy
and reliability. The work conducted by Santra et al. represents a significant contribution
to the field of automatic classification of optic nerve diseases, opening avenues for future
research and innovation in this domain. This study [57] addresses challenging hemorrhage
segmentation in retinal images, particularly on mobile phones, with poor lighting. A novel
KMMRC-INRG method enhances segmentation by addressing uneven illumination using
KMMRC and improving boundary segmentation through INRG. The approach achieves
high performance, with recall, precision, F1 measure, and IoU scores of 80.18%, 91.26%,
85.36%, and 80.08%, respectively. Notably, the F1 measure improves by 19.02% compared
to DT-HSVE on the same dataset and up to 58.88% for images with large hemorrhages.

2. Materials and Methods

The current research endeavors reflect a considerable body of work focusing on the
adoption of CNNs as a deep learning framework for the detection and severity assessment
of glass fractures. CNNs are characterized by their utilization of convolutional and pooling
operations across different layers, accompanied by non-linear activation functions, to es-
tablish a hierarchical feature representation. Notably, the integration of feature extraction
and classification processes within the deep learning paradigm distinguishes this approach
from conventional handcrafted feature extraction methods, which often treat these steps
as distinct entities. Nevertheless, the investigation of deep learning-based approaches for
glass fracture detection and severity assessment remains relatively limited compared to
the extensive exploration of traditional machine learning techniques. To address this gap,
the current study introduces a novel methodology that leverages convolutional neural
networks, specifically a variant known as LeNet, to overcome the constraints associated
with handcrafted feature extraction and computational complexity. LeNet, originally
popularized as Lenet-5, is a specific instantiation of a feed-forward neural network archi-
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tecture that excels in processing large-scale images, wherein individual neurons exhibit
receptive fields and demonstrate remarkable performance within their local contexts. In
the context of the present research, the LeNet-5 variant has been specifically tailored to
accommodate the demands of glass fracture detection. Consequently, it encompasses
a convolutional neural network comprising seven distinct layers, each contributing to
the processing pipeline, and effectively operates on digital images with dimensions of
32 × 32 pixels. The adoption of LeNet within the research framework signifies its efficacy
in overcoming the limitations associated with traditional handcrafted feature extraction
techniques while simultaneously mitigating the computational complexity inherent in pro-
cessing high-resolution images. By embracing the convolutional neural network paradigm,
the study capitalizes on the innate strengths of deep learning models, ultimately facilitating
enhanced performance and the generation of efficient feature representations. Method-
ologically, the research endeavor encompasses a systematic workflow with various stages.
These stages involve comprehensive data preprocessing, the thoughtful design of network
architecture, meticulous model training utilizing backpropagation, and rigorous model
evaluation employing appropriate performance metrics. Importantly, the iterative nature
of deep learning methodologies enables the refinement of models across multiple training
epochs, allowing for the optimization of network weights and biases and the subsequent
enhancement of predictive capabilities. To summarize, the present research contributes
to the existing body of knowledge by integrating convolutional neural networks, specifi-
cally the LeNet architecture, within the deep learning paradigm to tackle the challenges
associated with handcrafted feature extraction and computational complexity. Through
the proposed methodology, the study highlights the potential of deep learning approaches
in effectively processing high-resolution images and provides insights into the sequential
stages involved in implementing the research framework as shown in Figure 2.

Figure 2. Overview framework of the proposed method.

The architecture of the implemented system involves the use of a CNN for classifying
eye images into two categories: those with cataracts and those without. The architecture
consists of several essential layers. Convolutional Layers: These layers are responsible for
learning important features from the input images through convolution operations, which
help in identifying patterns like edges, corners, and shapes. Activation Functions (ReLU):
Rectified Linear Activation functions introduce non-linearity to the model, enhancing its
capability to capture complex relationships in data. Max-pooling Layers: These layers
reduce the dimensions of the feature maps, thus reducing computational load and focusing
on the most relevant information. Flatten Layer: This layer converts the matrix-like feature
maps into a single vector, preparing the data for fully connected layers. Fully Connected
Layers: These layers process the extracted features and make class predictions based on the
learned representations.

The training process involves several steps: (i) Data Loading: The dataset is loaded,
resized, and preprocessed to be compatible with the CNN model. (ii) Data Splitting: The
dataset is divided into training and testing subsets for training and evaluation purposes.
(iii) Data Encoding: Labels are encoded into numerical format using techniques like La-
belEncoder and OneHotEncoder. (iv) Model Compilation: The CNN model is built using
Keras Sequential API, incorporating convolutional, activation, max pooling, and fully
connected layers. (v) Optimizer and Loss Function: Stochastic Gradient Descent (SGD) is
selected as the optimizer, and binary cross-entropy is chosen as the loss function due to the
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binary classification nature of the problem. (vi) Model Training: The model is trained on
the training data using the defined optimizer and loss function, with a specified number of
epochs and batch size. (vii) Evaluation: The trained model is evaluated on the testing data
to assess its performance using metrics such as accuracy and classification reports.

Hyperparameter settings include the learning rate (lr), which is set to 0.1 in the
SGD optimizer, controlling the step size during weight updates. We set momentum to
0.0, affecting the weights’ update direction based on past updates. Decay is set to 0.0,
controlling the learning rate decay during training. Batch size is set to 150, determining the
number of samples processed before updating the model. Number of epochs is set to 50,
representing the number of times the entire training dataset is passed through the model
during training.

2.1. Preprocessing

Upon the initiation of data importation, the acquired dataset undergoes a fundamental
stage known as data preprocessing. This pivotal process encompasses a series of methodical
steps aimed at refining and organizing the dataset to ensure its suitability for subsequent
analyses as shown in Figure 3. The following steps typically constitute.

Figure 3. Preprocessing procedure of LeNet-CNN.

(1) In order to achieve uniformity and compatibility across the dataset, a crucial
preprocessing step involves resizing the input images to a consistent dimension of 32 × 32.
This resizing process is integral to the LeNet-CNN architecture and involves two primary
steps: the convolutional layer and the pooling layer. For the convolutional layer, this
layer employs convolutional filters to perform localized receptive field operations on the
input images. By convolving the filters across the image, relevant features are extracted
while simultaneously reducing the spatial dimensions of the image. This process plays a
pivotal role in adjusting the image size to conform to the desired dimensions. Following the
convolutional layer, the pooling layer further contributes to the resizing process. Utilizing
techniques such as max pooling or average pooling, this layer reduces the dimensionality
of the convolved feature maps. By aggregating information from neighboring regions,
the pooling layer effectively downsamples the feature maps, resulting in images of the
desired size. By sequentially applying these two fundamental steps within the LeNet-
CNN architecture, the imported dataset undergoes a comprehensive resizing procedure,
yielding images with a standardized dimension of 32 × 32. This standardized image
size ensures consistency and facilitates subsequent stages of analysis, feature extraction,
and classification.

The purpose of encoding 32 × 32 images is primarily to maintain uniformity and com-
patibility throughout a dataset, especially when using architectures such as the LeNet-CNN.
This consistency ensures smooth data flow, optimal feature extraction, and efficient model
training and performance. The LeNet-CNN architecture is designed to work optimally with
32 × 32 images, considered to be standard dimension for the model to perform efficiently.
Specifically, the convolutional layer, the first step in adjusting the image size, uses filters
to scan the image and capture localized features. As these filters move across the image,
they reduce its spatial dimensions while preserving and emphasizing relevant features,
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bringing it closer to the desired 32 × 32 size. Following the convolutional process, the
pooling layer further aids in achieving the desired image size. It simplifies the feature maps
by condensing information. The goal is to obtain an abstracted yet informative representa-
tion of the original image. Once images are resized to a consistent 32 × 32 dimension, it
becomes easier to apply further analysis, feature extraction, and classification operations.
This standardization ensures that the entire dataset can be processed uniformly, reducing
errors and complications that may arise from inconsistent image dimensions. In essence,
encoding 32 × 32 images provides a consistent foundation for data processing, especially
when using architectures like LeNet-CNN.

• The convolutional layer within the LeNet-CNN architecture utilizes small-sized con-
volutional filters to extract relevant features from input images. During the convo-
lutional operation, the image undergoes pixel-wise multiplication with the weight
values present in the convolutional filters. This process yields a new feature map that
represents the extracted features. The filters are slid across the image, applying the
convolution operation by using a predefined stride value. By convolving the filters, the
convolutional layer effectively extracts important visual patterns and characteristics of
the image, which are subsequently utilized in subsequent stages of the network. This
process of convolution plays a vital role in feature extraction and enables the network
to capture spatial dependencies and patterns within the image.

• The pooling layer is employed in the LeNet-CNN architecture to reduce the dimension-
ality of the feature maps obtained from the convolutional layer. In LeNet-CNN, the
max-pooling technique is utilized, which selects the maximum value from a specified
group of pixels within the feature map. The kernel size is defined to determine the
size of the pixel group, and the stride value is employed to specify the displacement
when moving to the next set of pixels. The pooling operation helps decrease the size of
the feature maps while preserving important features. By reducing the dimensionality,
the pooling layer aids in controlling the computational complexity of the network and
achieving translation invariance, allowing the network to focus on the most salient
features and discard redundant information.

(2) OneHot encoding is a data processing technique employed in image data to
transform categorical labels into numerical representations for computational purposes.
This method encodes each label as an independent binary vector, enabling the creation
of machine learning models that exhibit enhanced accuracy and performance. OneHot
encoding is used to convert categorical variables into a numerical format suitable for
consumption by machine learning models. The underlying principle of OneHot encoding
involves transforming each category value into a vector of equal length, representing
all the categories as shown in Figure 4. Each position in the vector corresponds to a
specific category, with a value of 1 indicating the presence of the variable in that category
and a value of 0 indicating its absence. By representing categorical variables as binary
vectors, OneHot encoding facilitates the utilization of these variables in machine learning
algorithms, enabling effective model training and inference. We apply this encoding to the
labels in both the training and the test datasets. This ensures that the model’s output can
be correctly matched and evaluated against the true labels.

Figure 4. Example of encoding data type OneHotEncoder.
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(3) The dataset is divided into training and testing sets, following the conventional
practice of an 80–20% split. This partitioning scheme ensures that 80% of the data are
allocated for model training while the remaining 20% is reserved for evaluation purposes.
By separating the dataset into these distinct subsets, we can effectively assess the perfor-
mance and generalization capabilities of the trained model on unseen data. The training set
serves as the foundation for model learning, enabling the optimization of model parameters
through iterative processes such as gradient descent. On the other hand, the testing set
serves as an unbiased evaluation metric, allowing us to gauge the model’s performance
on unseen data and estimate its ability to generalize to new instances. This division strat-
egy helps mitigate issues related to overfitting, as the model is assessed on independent
data that it has not been exposed to during the training phase. Consequently, the 80–20%
split facilitates robust model development and evaluation in a rigorous and statistically
sound manner.

2.2. Define the Layer of the CNN

In the CNN architecture, the composition of layers can be defined to incorporate
hidden layers and the classification layer as shown in Figure 5. In the initial layer, a
convolutional layer is created with a filter/kernel size of 3 × 3. The 3 × 3 filter/kernel
is applied elementwise to the first 3 × 3 patch of the image, and the resulting values
are summed. The sum is then placed in the first row, first column of the output matrix.
Next, the 3 × 3 filter/kernel is shifted one position to the right in the first matrix, and
the process is repeated. The resulting values are placed in the next column of the output
matrix. This process continues until the entire output matrix is filled. The number of
filters output is set to 32. Padding is applied to ensure that the size of the output matrix
matches the size of the original image. The activation function used is ReLU, which helps
in faster training of the model. This configuration of layers enables the CNN to perform
feature extraction on the input data and learn meaningful representations that can be used
for classification tasks. The convolutional layer with 3 × 3 filters performs local feature
detection, while the ReLU activation function introduces non-linearity to enhance the
model’s expressive power. The padding ensures that the spatial information is preserved
during the convolutional operation. The resulting feature maps from this layer can be
further processed by subsequent layers, such as pooling layers and fully connected layers,
to extract higher-level features and make predictions for classification.

f (x) = max(0, x) =
{

0 forx ≤ 0
x forx > 0

(1)

Figure 5. Illustration of the layers within LeNet-CNN.

Furthermore, a max-pooling layer with a size of 2 × 2 is incorporated into the CNN
architecture. Max pooling aims to extract the most important parts of the data while
increasing the efficiency of processing. It achieves this by selecting only the maximum
values within a grid and storing them in the second layer. Similar to the previous layer, a
3 × 3 convolutional layer is defined with padding and ReLU activation function as shown
in Equation (1). Additionally, a 2 × 2 max pooling is applied. The number of filters output
remains the same at 64.
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Moving on to the third layer, it consists of a fully connected layer, which is connected to
every node in the previous layer. However, since the data are now in a 1-dimensional form,
a process called flattening is performed to convert the data from its original 3-dimensional
shape to a 1-dimensional form. The flattened data are then connected to a dense layer with
a size of 512, followed by the ReLU activation function.

In the fourth layer, the results obtained from the previous layers are fed into the SoftMax
classifier. This final layer enables the model to perform the subsequent classification task.

In summary, the CNN architecture involves the following steps: convolution layer
(3 × 3) with padding and ReLU activation, max-pooling layer (2 × 2), another convolution
layer (3 × 3) with padding and ReLU activation, max-pooling layer (2 × 2), and a fully
connected layer with flattening, dense layer (512) with ReLU activation. The output of
these layers is then passed through the SoftMax classifier for classification purposes.

1. Input Layer: The first step in the LeNet-CNN architecture is the input layer, which
receives small-sized images with dimensions of 32 × 32. These images serve as the
input data for the network;

2. Convolutional Layer: The second step involves using filters or kernels to perform
convolutions on the input images. This process generates feature maps that capture
spatial features of the images, such as detecting edges or important patterns. In
LeNet-CNN, there are typically multiple convolutional layers that extract specific
image features;

3. Pooling Layer: The third step employs pooling techniques to reduce the size of the
feature maps and reduce the complexity of the data before passing it to the next layer.
LeNet-CNN utilizes max pooling, which selects the maximum value within a small,
specified region of the feature maps;

4. Fully Connected Layer: This layer is responsible for connecting to the feature maps
that have undergone convolution and pooling. It consists of fully efficient cells capable
of learning patterns and relationships within the data. It resembles the dense layer of
an artificial neural network but with spatial limitations;

5. Output Layer: The final step is the output layer, which has the same number of
cells as the desired classification classes. Each cell provides OneHot encoded output,
indicating the probability of the image belonging to each class.

In summary, the LeNet-CNN architecture involves an input layer, convolutional layers
for feature extraction, pooling layers for downsampling, fully connected layers for pattern
learning, and an output layer for classification.

2.3. Model Training

After defining the layers of the CNN, the model can be trained by setting the
following parameters:

1. Parameter setting

We set the parameters of the model as follows:

• Batch Size: 16. It represents the number of data samples that will be propagated
through the network in each training iteration;

• Epochs: 25. It indicates the number of complete passes the model will make through
the training dataset during training;

• Learning Rate: 0.1. It determines the step size at which the model’s weights are
updated during training;

• Loss Function: binary cross-entropy. It is the average value of the cross-entropy
between the actual and predicted probability distributions of two classes (Class 0 and
Class 1). We also use Relu as the activation function as shown in Figure 6. A lower
average value is preferable, and the binary cross-entropy loss is defined as follows:
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Figure 6. ReLU activation function.

In this work, we use binary cross-entropy loss function, which is often referred to as
log loss or logistic loss. It is a commonly used loss function in binary classification tasks,
where the goal is to predict one of two possible outcomes (usually 0 or 1). It measures the
difference between predicted probabilities and actual binary labels. The formula for binary
cross-entropy loss is shown in Equation (2),

Loss = − 1
output size

output size

∑
i=1

yi·log ŷi + (1 − yi)·log(1 − ŷi) (2)

where:

• Loss is the binary cross-entropy loss for a single data point;
• y is the actual binary label (either 0 or 1);
• ŷ is the predicted probability of the positive class (class 1) by the model.

2. Training the model:

During training process, we first create training and testing datasets. Then, we iterate
through the specified number of training epochs. The training dataset is divided into
batches according to the specified batch size. We then feed each batch of data through
the CNN model and calculate the loss value using the binary cross-entropy loss function.
We use the gradient descent algorithm optimizer, Stochastic Gradient Descent (SGD), to
adjust the parameter values in the model, improving the model efficiency. The gradient
provides information about the size and direction of parameter updates, guiding the loss
value towards the minimum point on the surface. Then, we iteratively adjust the parameter
values in each training iteration until the specified number of training epochs is reached.
The equation for finding the lowest point of the area of SGD is shown in Figure 7.

Figure 7. Equation for finding the lowest point of the area of SGD.
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For the model evaluation, we utilize the test dataset to evaluate the trained model by
calculating performance metrics such as accuracy, precision, recall, F1 score, or error rate.
After training the model, it is important to assess its performance using the test dataset.
The test dataset contains data that the model has not seen during training and serves as an
unbiased evaluation of its generalization capability. Performance metrics such as accuracy,
precision, recall, F1 score, or error rate are computed to measure how well the model
predicts the correct class labels.

For iterative training and evaluation, we repeat the training and evaluation steps for
the specified number of training iterations. In order to improve the model’s performance,
the training and evaluation steps are iteratively repeated for the designated number of
training iterations. This process allows the model to learn from the data, update its
parameters, and improve its predictions over time. By iteratively training and evaluating
the model, it has the opportunity to learn and adapt to the patterns and complexities
present in the dataset. After completing the training and evaluation iterations, the results
are analyzed and summarized.

3. Evaluation metrics

The evaluation metrics and statistics utilized are as follows:

• True positive (TP) signifies the number of instances that are accurately predicted as
positive with respect to the positive class;

• False positive (FP) indicates the number of instances that are erroneously predicted as
positive when compared to the positive class;

• True negative (TN) denotes the number of instances that are correctly predicted as
negative with respect to the negative class.

• False negative (FN) represents the number of instances that are incorrectly predicted
as negative when compared to the negative class;

• N represents the total number of data points within the dataset.

These metrics serve as crucial measures for evaluating the model’s performance and
its ability to accurately classify instances into positive and negative classes. By analyzing
these metrics, one can assess the model’s accuracy, precision, recall, and F1 score, all of
which are fundamental indicators of its efficacy in addressing the given task. The accuracy
metric provides information about the percentage of instances that the model correctly
predicts. It is calculated as the ratio of the sum of true positive (TP) and true negative (TN)
to the total number of data points (N). The accuracy metric ranges from 0 to 1, where a
value closer to 1 indicates that the model’s predictions are highly accurate. The accuracy
can be computed as shown in Equation (3).

Accuracy = (TP + TN)/N (3)

Precision is a metric that measures the accuracy of a model in predicting the relevant
instances in the positive class. It is calculated by dividing the number of true positive
predictions (TP) by the sum of true positive predictions and false positive predictions (TP +
FP). The value of precision ranges from 0 to 1, where a higher precision value indicates a
higher level of accuracy in predicting the positive class. The precision can be computed as
shown in Equation (4).

Precision = TP/(TP + FP) (4)

Recall, also known as sensitivity or true positive rate, is a metric that measures the
accuracy of a model in predicting the occurrences of a specific event in the positive class. It is
calculated by dividing the number of true positive predictions (TP) by the sum of true positive
predictions and false negative predictions. The recall can be computed as Equation (5):

Recall = TP/(TP + FN) (5)

154



J. Imaging 2023, 9, 197

F1 score is the harmonic mean of precision and recall. It is a metric that provides a
balanced measure of a model’s performance by taking into account both precision and
recall simultaneously. The F1 score is calculated by taking the reciprocal of the arithmetic
mean of the reciprocals of precision and recall. F1 score combines the precision and recall
values into a single metric, allowing us to evaluate the overall effectiveness of a model in
terms of both correctly predicting positive instances (precision) and capturing all actual
positive instances (recall). It provides a consolidated measure that balances the trade-off
between precision and recall. The F1 score ranges from 0 to 1, where a value closer to 1
indicates a better balance between precision and recall and reflects a more accurate and
reliable model performance. It is particularly useful when the data are imbalanced or
when both precision and recall are equally important in the evaluation of the model’s
effectiveness. The F1 score can be computed as shown in Equation (6).

F1 = 2TP/(2TP + FP + FN) (6)

True negative rate, also known as specificity, is a metric that measures the model’s
ability to correctly predict negative instances or non-disease conditions. Specifically, it rep-
resents the proportion of actual negative instances that are correctly identified as negative
by the model.

Specificity is an important performance measure in binary classification problems,
particularly when the negative class or non-disease condition is of interest. It quantifies the
model’s ability to discriminate and classify negative instances accurately, minimizing the
occurrence of false positives. A higher specificity value indicates that the model is proficient
in identifying true negative instances and has a lower tendency to misclassify non-disease
conditions as positive. It signifies the model’s capability to minimize the occurrence of
Type I errors, which are false positive predictions. Specificity is calculated as the ratio of
true negatives (TN) to the sum of true negatives and false positives (TN + FP). It ranges
from 0 to 1, where a value closer to 1 signifies a higher level of accuracy in predicting
negative instances and a better ability to distinguish non-disease conditions correctly. The
calculation of specificity is shown in Equation (7).

TNR = TN/(TN + FP) (7)

3. Results

3.1. Datasets

In this research, publicly available datasets [58,59] were utilized. The datasets con-
sisted of 3500 images of eyes displaying symptoms of glaucoma and 3500 images of normal
eyes. The datasets were divided into a training set, comprising 80% of the data, and a
testing set, comprising the remaining 20%. The dataset used in this study was obtained
from public websites [58,59]. It consisted of a collection of 3500 images showing symptoms
of glaucoma and an equal number of images of normal eyes. The dataset was split into
an 80% training set and a 20% testing set for the purpose of model training and evalu-
ation. The dataset employed in this investigation was sourced from publicly accessible
websites [58,59]. It encompassed a total of 3500 images portraying the manifestation of
glaucoma symptoms and an equivalent number of images depicting normal eyes. To facili-
tate the training and evaluation process, the dataset was partitioned into an 80% training
subset and a 20% testing subset. For this research, a publicly available dataset [58,59] was
utilized. The dataset comprised 3500 images displaying symptoms of glaucoma and an
equal number of images depicting normal eyes. To train the model, 80% of the data were
used as the training set, while the remaining 20% served as the testing set for evaluation
purposes. The image examples of eyes with cataract symptoms and normal eye conditions
are shown in Figures 8 and 9, respectively.
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Figure 8. Image examples of eyes with cataract symptoms.

 

Figure 9. Image examples of normal eye conditions.

3.2. Convolutional Neural Network Testing Results

Initially, CNN was trained with parameter values set as follows: batch size of 128,
25 epochs, learning rate of 0.1, binary cross-entropy loss function, and Stochastic Gradient
Descent (SGD) optimizer. The testing results showed an accuracy value of 0.94. The initial
testing of the CNN was conducted with specific parameter values. The batch size was set
to 128, the number of epochs was 25, the learning rate was 0.1, the loss function used was
binary cross-entropy, and the optimizer employed was Stochastic Gradient Descent (SGD).
The obtained result yielded an accuracy value of 0.94. The CNN was initially trained and
tested with a specific set of parameters. The batch size was set to 128, the number of epochs
was 25, the learning rate was 0.1, the loss function used was binary cross-entropy, and the
optimizer employed was SGD. The testing results showed an accuracy of 0.94. During
the initial testing phase, the CNN was trained using specific parameter configurations.
The batch size was set to 128, the number of epochs was 25, the learning rate was 0.1, the
loss function was binary cross-entropy, and the optimizer used was SGD. The achieved
accuracy for the testing phase was 0.94 as shown in Table 1.
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Table 1. Accuracy results of CNNs.

Precision Recall F1 Score Support Accuracy

0 0.92 0.96 0.94 701 0.94

1 0.95 0.92 0.94 699 0.94

The CNN achieved a high level of performance in classifying eye images with cataract
symptoms, correctly identifying 670 images. Moreover, it demonstrated proficiency in
distinguishing normal eye images, accurately classifying 641 samples. However, the
model exhibited some misclassifications, as it erroneously labeled 31 images with cataract
symptoms as normal and 58 normal eye images as showing cataract symptoms.

Figure 10 shows that based on the provided confusion matrix, the true positive rate
(sensitivity) is calculated as the ratio of correctly identified positive cases (disease) to the
total number of actual positive cases. In this case, the sensitivity is determined to be
0.92, indicating a high level of accuracy in correctly identifying eye images with cataract
symptoms. Similarly, the true negative rate (specificity) is computed as the ratio of correctly
identified negative cases (normal) to the total number of actual negative cases. With a
specificity value of 0.95, the model demonstrates a strong ability to accurately classify
normal eye images. These results highlight the model’s robust performance in accurately
detecting cataract symptoms and distinguishing normal eye images, as evidenced by the
high sensitivity and specificity values obtained from the analysis of the confusion matrix.

Figure 10. Plot confusion matrix of CNN.

Figure 11 shows the initial model exhibited a high accuracy score; however, upon
analyzing Figure 10, it became apparent that as the training dataset size increased, the
accuracy curve showed continuous improvement, while the validation accuracy curve
failed to stabilize. This behavior was similarly observed in the loss curve, where the training
loss continued to decrease without the validation loss reaching a steady state. Consequently,
these results indicate that the model’s performance is suboptimal. To address this issue,
a new parameter configuration was implemented, consisting of a reduced batch size of
16, a fixed number of 25 epochs, a learning rate of 0.1, and the utilization of the binary
cross-entropy loss function with the SGD optimizer. With these adjusted parameters,
the updated model achieved an accuracy of 0.96 as shown in Table 2. These findings
suggest that the modified parameter settings effectively enhanced the model’s performance,
resulting in a higher accuracy score. The alterations in batch size, learning rate, loss
function, and optimizer played pivotal roles in optimizing the model’s training process,
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leading to improved classification accuracy in distinguishing between normal and diseased
eye images.

Figure 11. Graph showing accuracy and loss per epoch of the initial model.

Table 2. Results from the CNN testing.

Precision Recall F1 Score Support Accuracy

0 0.95 0.96 0.96 701 0.96

1 0.96 0.95 0.96 699 0.96

Based on the obtained confusion matrix, the classification performance of the model
can be evaluated. It correctly classified 676 eye images displaying cataract symptoms
while misclassifying 25 images. Additionally, the model accurately identified 662 normal
eye images but misclassified 37 images as normal when they actually exhibited cataract
symptoms. These results indicate a relatively high accuracy in distinguishing between
cataract-affected and normal eyes. However, the presence of misclassifications suggests the
need for further improvement. Analyzing the misclassified images can provide valuable
insights into the underlying patterns or features that contribute to the incorrect catego-
rization. This analysis can guide the refinement of the model architecture, adjustment of
hyperparameters, or augmentation of the dataset to mitigate misclassifications and enhance
the overall performance of the model. By iteratively repeating this process, it is possible to
achieve a more robust and accurate model for cataract classification.

Figure 12 shows the confusion matrix; the true positive rate, also known as sensitivity
or recall, is defined as the proportion of correctly predicted positive instances out of all
actual positive instances. In this scenario, the sensitivity is calculated to be 0.95, indicating
that the model accurately identified 95% of the diseased cases. Similarly, the true negative
rate, also referred to as specificity, measures the proportion of correctly predicted negative
instances out of all actual negative instances. The specificity value is determined to be 0.96,
indicating that the model correctly classified 96% of the non-diseased cases as negative.
These findings highlight the model’s ability to effectively capture the distinctive features
associated with cataract symptoms and normal eye images. The high sensitivity and
specificity values signify the model’s proficiency in accurately identifying both positive
(disease) and negative (non-disease) instances, underscoring its overall performance and
reliability in distinguishing between the two categories.
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Figure 12. The graph obtained from the plot confusion matrix of CNN.

Figure 13 shows the findings from Figure 14, revealing an interesting trend in the
model’s performance as the training dataset size increases. The accuracy graph demon-
strates a positive correlation, showing a consistent improvement in the model’s ability to
correctly classify the data. This indicates that the model becomes more accurate with the
inclusion of more training instances. Similarly, the loss graph exhibits a negative corre-
lation, indicating a reduction in the model’s error as more data are utilized for training.
Notably, the validation accuracy and validation loss graphs demonstrate a more stable
behavior compared to the previous parameter settings. This stability suggests that the
model’s performance is not overly influenced by the specific training instances and can
generalize well to unseen data. Consequently, the model’s configuration appears to be
more suitable, as it achieves higher accuracy and lower loss while maintaining a balanced
performance on the validation set. Overall, these observations highlight the effectiveness
of the current model configuration in capturing the underlying patterns of the data and
producing reliable predictions. The increasing accuracy, decreasing loss, and stable valida-
tion metrics collectively indicate that the model is well-optimized and capable of making
accurate predictions on both training and unseen data.

Figure 13. Graph showing accuracy and loss per epoch of the proposed model.
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Figure 14. Results of the cataract detection experiment.

Figure 14 presents the experimental results of cataract detection, showcasing the
graphical user interface utilized in the experiment. The graphical interface serves as the
input medium for the image processing system to perform cataract detection. The system
promptly returns the detection results to the user through a user-friendly and convenient
cataract detection device. Notably, this system exhibits a high level of accuracy in cataract
detection, surpassing current state-of-the-art studies.

3.3. Comparison of Analysis Results

The empirical findings presented in Table 3 elucidate the conspicuously elevated
efficacy of the LeNet-CNN model in relation to other methodologies within the ambit of
ocular disease classification. The LeNet-CNN model attains an impressive 96% accuracy
rate, markedly outperforming its counterparts such as the SVM at 92%, decision tree at
86%, random forest at 90%, Naive Bayes at 79%, and neural network at 87%. Moreover,
scrutinizing the true positive rate (sensitivity) reveals LeNet-CNN’s remarkable attainment
of 95%, while SVM registers at 91%, decision tree at 89%, random forest at 91%, Naive
Bayes at 77%, and neural network at 87%. Parallelly, the evaluation of the true negative
rate (specificity) underscores LeNet-CNN’s substantial achievement at 96%, while SVM
reaches 94%, decision tree at 84%, random forest at 89%, Naive Bayes at 81%, and neural
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network at 86%. These comprehensive metrics collectively underscore the LeNet-CNN
model’s discernibly heightened precision and effectiveness in the correct classification of
both positive and negative instances. This salient performance renders the LeNet-CNN
model the preeminent choice for discerning pathological deviations in ocular disorders. The
amalgamation of superior accuracy, augmented sensitivity, and enhanced specificity con-
solidates its standing as an optimal tool for the meticulous identification and categorization
of aberrant ocular conditions.

Table 3. The performance comparison between the LeNet-CNN and other machine learning techniques.

SVM
Decision

Tree
Random

Forest
Naive Bayes

Neural
Network

LeNet-CNN

Accuracy 0.92 0.86 0.90 0.79 0.87 0.96

Sensitivity 0.91 0.89 0.91 0.77 0.87 0.95

Specificity 0.94 0.84 0.89 0.81 0.86 0.96

Based on the comparative analysis presented in Table 4, the research employing
image processing technology for corneal abnormality detection exhibits notable clarity and
accuracy in its results. The process of segregating corneal abnormalities using the proposed
technique demonstrates a higher level of accuracy compared to other existing research
endeavors. This can be attributed to the utilization of a more extensive and comprehensive
dataset, surpassing the scale employed in previous studies, consequently resulting in
improved accuracy levels. Our proposed model outperforms other works regarding the
accuracy at 96% except only [60] in which it achieved 96.8% highlighted in bold.

Table 4. Numerical results of related studies using digital camera images.

References Method Accuracy Training Data Testing Data Cross-Validation

[29] Single Layer Perceptron 85% 30 20 No

[59] Support Vector Machine 88.39% 125 49 No

[61]
K-nearest Neighbor 94.5%

80 80 No
Support Vector Machine 69.4%

[60]
Support Vector Machine 96.8%

58 36 No
Artificial Neural Network 92.3%

[62]
K-nearest Neighbor 83%

78 42 NoSupport Vector Machine 75.2%

Naïve Bayes 76.6%

[63] Convolutional Neural Network 78% 100 30 No

Our model LeNet-CNN 96% 80 20 No

In the context of research focusing on the design and development of software for
corneal abnormality detection through image processing technology, the LeNet-CNN
model was chosen due to its inherent efficiency and exceptional accuracy. By employing
the LeNet-CNN model, the research achieved a heightened level of accuracy, surpassing
the benchmarks set by other studies. Therefore, the proposed technique, which includes
the incorporation of the LeNet-CNN model, convincingly demonstrates its efficacy and
precision in the corneal abnormality detection process. This substantiates the efficiency and
accuracy of the proposed technique, accentuating its capability to accurately identify and
classify corneal abnormalities within the tested samples. The study’s findings underscore
the potential of the proposed technique, particularly with the utilization of the LeNet-CNN
model, in significantly enhancing the detection of corneal abnormalities.
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4. Discussions

In this work, we present an investigation and the development of a system aimed at
detecting and classifying corneal abnormalities using advanced image processing tech-
nology. The primary objectives of this research endeavor encompass the following key
points: (1) understanding the process of corneal abnormality discrimination utilizing image
processing techniques; (2) designing, constructing, and advancing a sophisticated soft-
ware program for detecting corneal abnormalities; and (3) evaluating the performance
and efficacy of the developed program in detecting corneal abnormalities. A thorough
review and analysis of pertinent theories and previous research works were conducted to
assimilate and adapt the relevant knowledge into the design and development processes.
A comprehensive dataset comprising 3500 images, including both normal and corneal
abnormality cases, was meticulously curated for training and testing purposes. Prior to
training the dataset, preprocessing methodologies were applied to optimize the image data,
ensuring its suitability for subsequent machine learning procedures. The LeNet model, a
type of CNN, was selected as the primary model for training the prepared dataset. The
performance and accuracy of the LeNet model were systematically benchmarked against
alternative techniques proposed in the literature. The results unequivocally demonstrated
the superior accuracy and effectiveness of the LeNet-CNN model over other approaches.
Furthermore, the LeNet model was deployed in the design and implementation of an
intuitive graphical user interface (GUI) that seamlessly interfaces with the dedicated LeNet
database, purposefully constructed for this research initiative. This integrated system
facilitates user-friendly interactions and efficient retrieval of corneal abnormality detection
results. The culmination of this research underscores the immense potential and efficacy of
the proposed methodology in accurately identifying and discerning corneal abnormalities.
By leveraging the power of the LeNet-CNN model and the bespoke software program
developed, this research significantly advances the state-of-the-art in corneal abnormal-
ity detection, thus holding tremendous promise for clinical applications and enhancing
diagnostic precision in the field of ophthalmology.

Remarkable findings have emerged based on the comprehensive investigation into the
process of discerning anomalies associated with corneal diseases, employing image process-
ing technology coupled with the application of machine learning techniques, specifically
the LeNet-CNN model. Notably, the LeNet-CNN model has exhibited superior perfor-
mance compared to other relevant research endeavors, boasting an accuracy rate of 96%,
a sensitivity rate of 95%, and a specificity rate of 96%. This outcome is in alignment with
the stipulated research objectives. Furthermore, a detailed exposition elucidating the intri-
cacies of the LeNet-CNN model underscores its multifaceted computational framework,
drawing inspiration from the intricate analysis of human neurological data during the
transmission of neural signals. This computational paradigm capitalizes on the extraction
and integration of sub-features, contributing to a holistic analysis of image data. Conse-
quently, the selection of the LeNet-CNN model for designing a corneal disease anomaly
detection methodology utilizing image processing technology serves as an apt choice, with
the obtained results attesting to the concordance with the research objectives.

The LeNet-CNN model boasts several salient advantages that render it highly suitable
for the discernment of corneal disease anomalies, as follows:

1. Efficacious foundational architecture: The LeNet-CNN model has evolved from semi-
nal investigations and empirical experiments dating back to 1998. Its basic architecture
rests on the CNN, a highly refined structure renowned for its computational prowess
in image processing. Consequently, leveraging the LeNet-CNN model for corneal
disease anomaly discernment engenders a credible and efficient approach;

2. Substantiation of salient sub-features: The LeNet-CNN model adopts an intricate
analytical approach to image analysis, heavily influenced by the examination of
human data in the context of neural information transmission. By virtue of employing
methodologies that enable the identification and aggregation of pertinent sub-features,
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the LeNet-CNN model possesses the capacity to pinpoint critical and indispensable
attributes pertaining to corneal disease anomalies at an elevated level of precision;

3. Discerning class categorization with accuracy: The LeNet-CNN model exhibits re-
markable accuracy in the classification of image classes, as evidenced by an analy-
sis of the dataset utilized in the research, with accuracy, sensitivity, and specificity
rates reaching 96%, 95%, and 96%, respectively. These compelling values under-
score the LeNet-CNN model’s proficiency and efficiency in categorizing corneal
disease anomalies;

4. Versatility in diverse research domains: Beyond its utility in the classification of
corneal disease anomalies, the LeNet-CNN model exhibits remarkable flexibility,
rendering it adaptable for employment in a range of related research endeavors that
necessitate robust image processing capabilities.

In conclusion, the LeNet-CNN model demonstrates exceptional accuracy in discern-
ing corneal disease anomalies, complemented by an intricate analytical process adept at
identifying critical attributes. Consequently, its implementation in research for the classifi-
cation and diagnosis of corneal diseases in real-world settings proves highly conducive to
the achievement of research objectives. Future research can explore more comprehensive
data, including detailed severity levels and protein deposition locations, to advance the
system into a multiclassification framework. Additionally, efforts can be directed towards
refining the training process and image enhancement techniques by acquiring high-quality,
noise-free images. Environmental factors, such as lighting conditions and image positions,
impacted the system’s performance, suggesting the potential for a notification mechanism
to guide users on optimal image capture.
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Abstract: Imaging from optical coherence tomography (OCT) is widely used for detecting retinal
diseases, localization of intra-retinal boundaries, etc. It is, however, degraded by speckle noise. Deep
learning models can aid with denoising, allowing clinicians to clearly diagnose retinal diseases. Deep
learning models can be considered as an end-to-end framework. We selected denoising studies that
used deep learning models with retinal OCT imagery. Each study was quality-assessed through image
quality metrics (including the peak signal-to-noise ratio—PSNR, contrast-to-noise ratio—CNR, and
structural similarity index metric—SSIM). Meta-analysis could not be performed due to heterogeneity
in the methods of the studies and measurements of their performance. Multiple databases (including
Medline via PubMed, Google Scholar, Scopus, Embase) and a repository (ArXiv) were screened
for publications published after 2010, without any limitation on language. From the 95 potential
studies identified, a total of 41 were evaluated thoroughly. Fifty-four of these studies were excluded
after full text assessment depending on whether deep learning (DL) was utilized or the dataset and
results were not effectively explained. Numerous types of OCT images are mentioned in this review
consisting of public retinal image datasets utilized purposefully for denoising OCT images (n = 37)
and the Optic Nerve Head (ONH) (n = 4). A wide range of image quality metrics was used; PSNR
and SNR that ranged between 8 and 156 dB. The minority of studies (n = 8) showed a low risk of bias
in all domains. Studies utilizing ONH images produced either a PSNR or SNR value varying from
8.1 to 25.7 dB, and that of public retinal datasets was 26.4 to 158.6 dB. Further analysis on denoising
models was not possible due to discrepancies in reporting that did not allow useful pooling. An
increasing number of studies have investigated denoising retinal OCT images using deep learning,
with a range of architectures being implemented. The reported increase in image quality metrics
seems promising, while study and reporting quality are currently low.

Keywords: deep learning; ophthalmology; image processing; optical coherence tomography

1. Introduction

Optical coherence tomography (OCT) stands at the forefront of modern medical imag-
ing techniques, harnessing the power of low-coherence infrared light to delve deep into
biological structures with unprecedented clarity and precision [1]. This revolutionary
technology affords longer exposure times due to its inherent biological safety, presenting a
stark departure from the ionizing radiation associated with conventional X-rays. Moreover,
when juxtaposed with Magnetic Resonance Imaging (MRI) and Computerized Tomography
(CT), OCT emerges as a cost-effective alternative, democratizing access to high-quality
diagnostic imaging. However, amidst the brilliance of OCT lies a challenge inherent to
all imaging modalities—noise. Inevitably introduced during the imaging process, noise
mingles with the signal emanating from the object under scrutiny, influencing the resul-
tant intensity observed by the detecting pixel [2]. Of particular concern is speckle noise,
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a byproduct of low coherence in irradiance, which casts a shadow over the signal-to-noise
ratio, obscuring critical details within the imagery. Within the realm of ophthalmology,
OCT serves as a versatile tool, facilitating the acquisition of cross-sectional and volumetric
images that illuminate the intricate landscape of biological tissues and retinal structures.
These images serve as invaluable aids in diagnosing a myriad of ocular diseases, ranging
from diabetic retinopathy (DR) [3] to age-related macular degeneration (AMD) [4], guiding
clinicians toward tailored treatment strategies.

Meanwhile, in the realm of computer science and Artificial Intelligence (AI), Machine
Learning (ML) emerges as a beacon of innovation. By mining insights from past data,
ML algorithms prognosticate future trends, obviating the need for explicit programming
or human intervention [5]. At its core, ML epitomizes the essence of pattern recogni-
tion, endowing computers with the capacity to glean insights from vast datasets with
unparalleled efficiency.

Within the ML landscape, deep learning (DL) commands center stage, propelled by
leaps and bounds in computational prowess and the proliferation of “big data”. Convolu-
tional Neural Networks (CNNs) epitomize this evolution, revolutionizing DL with their
ability to extract features, classify images, and recognize patterns at breakneck speeds.
By emulating the intricate workings of the human brain through the deployment of filters
and intricate layers, CNNs herald a new era of computational efficiency.

The intersection of DL and OCT heralds a realm of boundless possibilities, marked
by advancements in volumetric data handling, heightened sensitivity, and specificity in
detecting structural alterations and the tantalizing prospect of denoising retinal images to
unprecedented levels of clarity. This synthesis prompts a critical examination, as we delve
into recent studies illuminating the applications of DL to OCT imagery, evaluating their
impact on image quality assessment.

Moreover, as we stand on the precipice of a new era in medical imaging and computa-
tional innovation, it behooves us to explore the clinical ramifications of integrating these
cutting-edge computational techniques into the fabric of healthcare delivery. Through a
judicious examination of recent computational innovations and their potential clinical ap-
plications, we chart a course toward enhanced diagnostic accuracy, streamlined treatment
pathways, and, ultimately, improved patient outcomes. Thus, this review not only serves
as a testament to the symbiotic relationship between technology and healthcare but also as
a compass guiding future research endeavors and clinical initiatives.

2. Overview of Optical Coherence Tomography

Optical coherence tomography (OCT) stands as a maturing imaging technology, of-
fering resolution ranging from millimeters to sub-millimeters and boasting a penetration
depth comparable to that achieved in human skin [6]. This innovative technique pre-
dominantly employs low-coherence infrared light to safely delve into biological tissues,
affording longer exposure times in contrast to X-rays. Figure 1 illustrates the conceptual sys-
tem configuration of Michelson interferometry, the foundation upon which OCT operates.
Within this setup, the interferometric probe beam, formed by recombined reflected beams
at the beam splitter, is directed toward the surface under examination, with a detector
poised to capture the backscatter emanating from this surface [7].

Central to the functioning of OCT is the notion of coherence, a defining characteristic
of light wherein all rays maintain a consistent and calculable phase over a defined period.
However, the utilization of low coherence, while advantageous in probing biological tissues,
introduces an unintended consequence—the introduction of noise altering pixel intensity
and distorting the resulting image. This phenomenon manifests as artifacts, leading to a
compromised signal-to-noise ratio within OCT images [7]; while various forms of noise may
afflict the imaging process, speckle noise emerges as the predominant type encountered in
OCT imagery [8].

At the heart of OCT lies the Michelson interferometer, serving as its primary setup.
Here, an optical probe directs low-coherent light toward the sample, penetrating its surface
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and awaiting the rebound of reflected light. Subsequently, this reflected light is channeled
to the interferometer via an optical fiber for meticulous analysis, as depicted in Figure 1 [9].

Figure 1. A system diagram of the principle of Michelson interferometry used in OCT [9]. The sig-
nal from a collimated light source (LS) is partitioned into two orthogonal beam paths by a beam
splitter (BS); one collinear and the other normal to the ls pointing. The normal beam is reflected off
a movable mirror (M1), the collinear off a fixed mirror (M2). The reflected beams are recombined
at the bs and the co-propagating superposition is recorded as an interferogram at the detector (D).
Image [9].

3. Material and Methods

This paper presents a systematic review focusing on studies concerning diagnostic
accuracy. The reporting of this study adheres to the PRISMA-DTA guidelines [10].

3.1. Eligibility Criteria

This systematic review is designed to address specific queries utilizing the PICO
framework, which encompasses Population, Intervention, Control, and Outcomes. Our
investigation centers on several key questions. Firstly, we aim to explore the various
implementations and accuracy outcomes associated with employing deep learning (DL)
techniques for denoising retinal optical coherence tomography (OCT) imagery. Secondly,
we seek to evaluate the effectiveness of these DL-based denoising models in mitigating noise
and enhancing the quality of retinal OCT images. Thirdly, we will assess the performance
of DL-based denoising models against other denoising methods or untreated OCT images
used as benchmarks. Finally, our primary objective is to evaluate the effectiveness of
DL-based denoising models by analyzing improvements in image quality through the
application of widely used image metrics. Inclusion criteria for studies are as follows:

• Population (P): Studies focusing on the utilization of DL models with retinal imagery
obtained from either clinical or research settings.

• Intervention and Control (I, C): Studies employing DL-based models for tasks such
as image denoising, speckle reduction, or super-resolution, compared with a refer-
ence test.

• Outcomes (O): Studies reporting any estimate of image quality metrics (such as PSNR,
CNR, SSIM) applied at either the image or pixel level.

Our exclusion criteria encompass studies that do not meet specific standards, includ-
ing a lack of clear explanation regarding the utilized DL model, absence of an effective
comparative analysis with other state-of-the-art denoising methods, and classification as
reviews rather than original research contributions. By meticulously delineating these
inclusion and exclusion criteria, our goal is to ensure the robustness and reliability of the
systematic review findings. This approach facilitates comprehensive insights into the utility
and efficacy of DL in enhancing the quality of retinal OCT imagery.
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3.2. Search Methods for Identifying Studies

An electronic search was conducted within the following electronic databases: Google
Scholar, Scopus, Medline (via PubMed), Embase, and ArXiv, covering entries up to
16 November 2023. Results were filtered to include publications from 2010 onward, as deep
learning (DL) for computer vision and image analysis gained prominence following its
development in 2012 by Krizhevsky et al. [11]. Language restrictions were not applied.
Customized keywords were utilized for each database. Refer to Table 1 for the specific
search queries employed. Moreover, additional studies were identified through screening
conference proceedings and journal articles. Furthermore, manual cross-referencing of the
bibliographies of included papers was performed to ensure comprehensive coverage.

Table 1. The results of the electronic search in multiple databases.

Database Keywords Results Date

Google Scholar Image denoising AND deep learning AND “optical
coherence tomography”

4220 16 November 2023

Medline Image denoising AND deep learning AND “optical coherence
tomography”

32 16 November 2023

Scopus TITLE-ABS-KEY (image AND denoising AND deep AND learn-
ing AND “optical coherence tomography” )

68 16 November 2023

Embase (“image denoising”/exp OR “image denoising” OR ((“im-
age”/exp OR image) AND (“denoising”/exp OR denoising)))
AND (“deep learning”/exp OR “deep learning” OR (deep
AND (“learning”/exp OR learning))) AND (“optical coherence
tomography”/exp OR “optical coherence tomography”)

37 16 November 2023

ArXiv Image denoising AND deep learning AND “optical coher-
ence tomography”

9 16 November 2023

3.3. Study Selection

To efficiently manage citations, BibTeX was employed as a tool. Initial screening
involved the removal of duplicate entries based on titles and abstracts. Subsequently,
a thorough evaluation of articles was conducted to identify eligible studies in accordance
with the predetermined inclusion and exclusion criteria. This meticulous process ensured
the selection of relevant and appropriate studies for the systematic review. Additionally,
any discrepancies or uncertainties during the screening process were resolved through
discussion among the research team, ensuring consistency and accuracy in study selection.

3.4. Data Collection and Extraction

Data collection was conducted independently from the included studies and meticu-
lously revised to address any discrepancies or disagreements. Comprehensive information
was extracted, encompassing various data items vital for analysis. These included biblio-
graphic details such as authors’ names and publication years, details regarding the data
modality and type of dataset utilized, hardware specifications, and dataset size (including
train/validation/test sets, if provided). Moreover, inclusion and exclusion criteria at the
image level, if available, were noted, along with the specified objective of the study (e.g., im-
age denoising, speckle reduction, super resolution). Information regarding pre-processing
techniques, data augmentation strategies, and the deep learning (DL) approach employed,
including the neural network (NN) architecture utilized, was also recorded. Additionally,
details regarding the loss function employed and the image quality metrics used for evalua-
tion were documented. The resulting findings from each study were thoroughly examined.
In cases where an article compared multiple NN architectures, the most accurate one was
reported to ensure clarity and consistency in the analysis. This comprehensive approach
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to data extraction facilitated a robust and thorough examination of the included studies,
contributing to the reliability and validity of the systematic review findings.

3.5. Risk of Bias and Applicability

This review focuses specifically on the denoising aspect, and to assess the risk of
bias in the included studies, we adapted and employed the QUADAS-2 tool. This modi-
fied tool encompasses four main domains addressing the risk of bias: the data selection,
index test, reference standard, and flow-and-timing. Additionally, it evaluates three do-
mains regarding the applicability of the study to patient selection, the index test, and the
reference standard.

Within the “data selection” domain, we scrutinized papers with vague data-split
strategies and limited information on the dataset, which could potentially lead to data
leakage, indicating a high risk of bias. Moving on to the “index test” domain, we assessed
indicators such as the lack of description of the model and the absence of details regarding
test recreation and reproducibility. The “flow-and-timing” domain was evaluated based on
indicators such as the implementation of multiple reference standards (i.e., state-of-the-art
denoisers) within the same article and the appropriateness of intervals between the index
test and reference standard. Finally, within the “reference standard” domain, we considered
indicators like inadequate information on reference standard definition and the utilization
of only one reference test.

In cases where concerns arose regarding the relevance of the studies, certain factors
were meticulously reviewed. These included the dataset used, the procedure employed for
creating clean data, the specific deep learning (DL) model utilized, and its performance
concerning image quality metrics. Table 2 outlines the key questions utilized in our
assessment process, providing a structured framework for evaluating the risk of bias across
the included studies. Through this comprehensive approach, we aimed to ensure the rigor
and reliability of our review findings.

Table 2. Modified leading questions of QUADAS-2 for critical appraisal.

Domain Leading Questions

Data
Selection

1—Are any data imbalances addressed in the article?
2—Was the dataset split explained correctly for training, validation, and testing?
3—Did the study collect sufficient noisy–clean image pairs?

Index test

1—Was the methodology sufficiently explained for reproducibility?
2—Were the results of deep learning models explained without knowledge of
state-of-the-art denoisers?
3—Did the study apply any image quality metrics, sensitivity or robustness analysis
on their model?

Flow and
Timing

1—Was the full dataset utilized in the analysis?
2—Did each image have a reference clean image?
3—Were the reference clean images produced similarly?
4—Did the model show a sufficient interval between the reference and index test?

Reference
Standard

1—Were state-of-the-art results of denoisers mentioned and utilized
for interpretation?
2—Did the study describe the noisy–clean image procedure and minimize bias?
3—Were limitations, biases, and generalization issues reported sufficiently?

3.6. Data Synthesis and Analysis

Due to the diverse array of study designs and image quality measures utilized, our
quantitative synthesis was primarily confined to examining the outcomes related to image
denoising and speckle reduction. Given the substantial variability in the image quality
metrics employed for quantifying denoising and super resolution, the scope for direct
comparison was somewhat constrained, while a minority of studies reported metrics such
as contrast-to-noise ratio (CNR), equivalent number of looks (ENL), and the structural
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similarity index measure (SSIM), the predominant metrics presented were peak signal-to-
noise ratio (PSNR) or signal-to-noise ratio (SNR). Consequently, conducting a comparative
quantitative analysis across studies was limited to reporting any or all evaluation metrics
mentioned, calculated by:

PSNR = 10 log(
L2

MSE
), (1)

SNR = 10 log(
Psignal

Pnoise
), (2)

L denotes the maximum possible pixel value, and MSE is the mean squared error of the
image. Psignal and Pnoise are the mean and standard deviation of pixel values, respectively.
Next, the structural similarity index (SSIM) is a well-known image quality metric that
focuses on perceived similarity. The SSIM focuses on texture, quality degradation and
visible structures. The SSIM is defined as

SSIM =
(2σnc + c2)(2μnμc + c1)

(μ2
n + μ2

c + c1)(σ2
n + σ2

c + c2)
(3)

μn, μc, and σn, σc are the mean value and standard variation in noisy (n)–clean (c)
image pairs, respectively. Lastly, contrast-to-noise ratio (CNR) utilizes ROIs of background
and signal areas for speckle repression with respect to both areas. Equivalent number of
looks (ENL) is a metric assessing the smoothing of the predicted image. It does not require a
reference image since it utilizes selected ROIs of background and signal. ENL is defined as

ENL =
μ2

b
σ2

s
(4)

σs is the standard deviation of the signal representation, and μb is the mean value for
background representation. CNR is calculated through

CNR = 10 log(
μs − μb√
σ2

b + σ2
s

) (5)

μs and σs are the mean value and standard deviation of the signal representation, re-
spectively. For background representation, μb and σb are the mean value and
standard deviation.

4. Results

4.1. Study Selection and Study Characteristics

Out of the initial pool of 4399 studies identified, a rigorous evaluation was conducted
for 41 studies based on the criteria outlined in Table 2, utilizing their full texts. Subsequently,
54 studies were excluded following a thorough assessment of their full texts. The reasons
for exclusion were carefully documented and categorized, with detailed explanations
provided in Table S1. Ultimately, after meticulous manual screening, a total of 41 studies
were deemed eligible for inclusion in our review. Notably, the number of studies included
per year exhibited an upward trend over the observation period, as depicted in Figure 2.
This trend underscores the increasing interest and attention devoted to the subject matter
over time, highlighting the evolving landscape of research in this field.

The studies examined in this review were categorized into two main groups based on
the type of optical coherence tomography (OCT) images utilized within the field of ophthal-
mology: Optic Nerve Head (ONH) images and retinal images. A summary of these studies
is presented in Tables 3 and 4, respectively, highlighting the utilization of various deep
learning (DL) models for tasks such as image denoising, speckle reduction, and super reso-
lution. Specifically, retinal image datasets utilized in this review were predominantly public
datasets purposely employed for denoising OCT images (n = 37). Notable datasets included
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DUKE [12], Topcon [13], OPTIMA [14], Cirrcus [15], and Heindberg [16]. Conversely, ONH
images (n = 4) primarily comprised private datasets created by researchers.

Figure 2. Flowchart of the search following the PRISMA guidelines.

The majority of studies (n = 39) incorporated multiple reference tests to evaluate their
proposed methods against previous state-of-the-art denoisers. These reference tests encom-
passed both traditional programming and DL denoising models. Specifically, 26 studies
implemented DL models and traditional programming as reference tests, while 9 studies
utilized traditional programming-based state-of-the-art denoisers such as BM3D and NLM.
However, five studies did not specify any established reference test.

Regarding the choice of dataset for denoising, the DUKE dataset (n = 22) was the
most frequently utilized, followed by Topcon (n = 6), with ONH images being the least
employed (n = 4). Various DL models were deployed and integrated into hybrid frame-
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works, as depicted in Figure 3, which illustrates the distribution of studies implementing
each DL model. Notably, 44% of the studies implemented a hybrid generative adversarial
network (GAN), with the super-resolution GAN (SR-GAN) being the most utilized (n = 3)
alongside the conditional GAN (cGAN) (n = 3). Additionally, 13% of the studies employed
a traditional U-Net model (n = 6) for denoising, with only one hybrid framework reported.

Figure 3. Deep learning models approaches involved for denoising OCT images (n = studies).

Evaluation of denoising, speckle reduction, and studies on super resolution primarily
relied on metrics such as PSNR and SNR as the major image quality indicators. Furthermore,
other widely used image quality metrics included the SSIM (n = 27), CNR (n = 24), and ENL
(n = 16). These metrics are comprehensively displayed in Tables 3 and 4, providing insight
into the methodologies and outcomes of the reviewed studies.
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4.2. Risk of Bias and Applicability

Every study included in the review underwent a thorough assessment of risk of
bias, with the results meticulously documented in Table S2. Out of the studies evaluated,
10 (27%) were identified as having a low risk of bias across all four domains. Notably,
the domain presenting the most challenges was the “index test”, with only 22 studies
(59.5%) categorized as having a low risk of bias in this area. This finding underscores the
importance of critically evaluating the methodology and execution of the index test within
each study to ensure the reliability and validity of the findings. Through this rigorous risk-
of-bias assessment, we aimed to provide a comprehensive evaluation of the methodological
robustness of the included studies, thereby enhancing the credibility and trustworthiness
of our review outcomes.

4.3. Findings of the Studies

When focusing on peak signal-to-noise ratio (PSNR) and signal-to-noise ratio (SNR) as
metrics for denoising images, a significant variation in deep learning (DL) techniques across
different types of optical coherence tomography (OCT) images was observed. Specifically,
for studies utilizing Optic Nerve Head (ONH) images, PSNR or SNR values ranged from
8.1 to 25.7 dB, while, for retinal datasets, these metrics ranged from 26.4 to 158.6 dB.

The majority of studies predominantly applied public retinal datasets such as Duke [12],
Topcon [13], and Cirrus [15], primarily due to their extensive availability and widespread
use. However, it is noteworthy that these datasets typically do not provide “clean” versus
“noisy” image pairs required for denoising tasks. Consequently, researchers resorted to gen-
erating clean images through alternative means. For instance, clean images were generated
by averaging multiple B-scans or employing traditional programming techniques. In some
cases, unsupervised DL techniques were also utilized to generate clean images. These
approaches aimed to provide a reliable basis for assessing the effectiveness of DL-based
denoising methods, despite the absence of explicitly labeled clean and noisy image pairs
within the datasets.

5. Discussion

Numerous DL tasks consisting of detection, segmentation and classification are chal-
lenging in ophthalmology since OCT is the main imaging technique in that specific field.
OCT introduces speckle noise that adds artifacts, thereby impairing image quality and
confounding correct clinical interpretation [59]. Thus, DL has provided solutions for de-
noising and speckle reduction in OCT images to overcome this problem. In this systematic
review, many studies were compiled and analyzed to assess the application of DL for image
denoising of OCT images in ophthalmology. Over the past ten years, multiple researchers
have shown a developing and promising body of evidence supporting DL for this task.
Even so, there was a limited supply of quality studies for comparison across traditional pro-
gramming and DL. A number of findings require more detailed discussion. The challenge
of addressing numerous deep learning (DL) tasks in ophthalmology, including detection,
segmentation, and classification, is compounded by the prevalent use of optical coherence
tomography (OCT) as the primary imaging technique in this field. OCT introduces speckle
noise, which can adversely affect image quality, thereby complicating accurate clinical inter-
pretation. DL techniques have emerged as promising solutions for denoising and reducing
speckle artifacts in OCT images, with this systematic review analyzing a multitude of
studies to assess the application of DL for image denoising in ophthalmology. Over the past
decade, researchers have generated a growing body of evidence supporting the efficacy of
DL for this purpose. As shown in Figure 3, the main DL models implemented were the
GAN, DnCNN, Autoencoder, U-Net, Noise2Noise, and transformer, etc.

Generative adversarial networks (GANs) exhibit promise in synthesizing synthetic
OCT images with reduced noise levels. By training a generator network to generate realistic
images and a discriminator network to differentiate between real and generated images,
GANs have demonstrated their capability to denoise OCT scans effectively while preserving
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clinically relevant features. However, GANs can be challenging to train and prone to mode
collapse, where the generator produces limited variations in images, potentially limiting
their diversity and generalizability in clinical settings. In contrast, Denoising Convolutional
Neural Networks (DnCNNs) utilize deep convolutional layers to understand the under-
lying structure of noisy OCT images and produce clean counterparts. Through iterative
training on paired noisy–clean image datasets, DnCNNs efficiently enhance image clarity.
However, DnCNNs may struggle with complex noise patterns and require large amounts
of labeled data for training, which may be resource-intensive and time-consuming to ac-
quire. The U-Net architecture, characterized by its symmetric encoder–decoder structure
with skip connections, has showcased remarkable performance in semantic segmentation
tasks, including the denoising of OCT images. By integrating contextual information from
various spatial scales, U-Net effectively preserves anatomical structures. Nonetheless,
U-Net architectures may suffer from memory inefficiency and computational overhead,
particularly when handling high-resolution OCT images. Autoencoders, consisting of an
encoder and decoder network, learn to reconstruct input data from a compressed represen-
tation. Trained on noisy OCT images, autoencoders can encode essential features suitable
for clinical interpretation. However, autoencoders may struggle with capturing complex
image structures and may require careful tuning of hyperparameters to achieve optimal
performance. Transformers, initially designed for natural language processing tasks, have
recently been applied in image processing, including denoising. Leveraging self-attention
mechanisms to capture long-range dependencies, transformers effectively preserve spatial
information in OCT images. However, transformers may suffer from scalability issues
when applied to large-scale image datasets due to their computational complexity and
memory requirements. The Noise2Noise approach involves training deep learning models
directly on pairs of noisy images, eliminating the need for clean reference images during
training. By exploiting inherent redundancies in noisy data, Noise2Noise denoises OCT
images without access to ground truth clean images, making it suitable for real-world clini-
cal applications where clean reference images may not be readily available. Nevertheless,
Noise2Noise may struggle with highly variable noise patterns and may require careful
regularization techniques to prevent overfitting to noise artifacts.

These innovative DL techniques have the potential to revolutionize clinical workflows
in ophthalmology by automating the denoising process and improving the efficiency
and accuracy of OCT image interpretation. By providing clinicians with high-quality,
denoised images, these techniques can facilitate more confident diagnoses and treatment
decisions, ultimately leading to improved patient outcomes. However, the scarcity of high-
quality studies for comparison across traditional programming and DL remains limited,
necessitating a closer examination of key findings.

Firstly, a significant proportion of studies (62%) conducted their DL model train-
ing and testing on public datasets, validating their reported image quality metrics and
comparing them with other state-of-the-art DL models (reference tests). These studies
demonstrated relatively high PSNR or SNR values for denoised images, indicating substan-
tial improvement in image quality attributable to DL models. Given the considerable noise
inherent in OCT images, DL techniques hold significant promise for enhancing diagnosis,
segmentation, and detection tasks.

Secondly, only studies utilizing the Duke [12] public dataset had access to clean versus
noisy image pairs for training purposes. Other studies, utilizing datasets like Topcon [12]
and Cirrus [15], lacked clean images and thus resorted to creating their own algorithms or
applying traditional programming techniques to obtain “ground truths” for their B-scans.
This variance in ground truth generation methods complicates cross-study comparisons
and underscores the importance of clearly outlining and validating strategies for creating
clean images to ensure the production of robust models.

Thirdly, there was considerable variability in both the reporting and conduct of the
studies, posing challenges for comprehensive quantitative and qualitative analyses across
the board. Given the wide array of available image quality metrics beyond PSNR or SNR
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(such as CNR, ENL, and SSIM), it was observed that studies typically reported only two
or three metrics. This lack of uniformity in reporting was further exacerbated by the
implementation of multiple and varied reference tests. For instance, several studies utilized
a diverse range of reference tests, resulting in a vague impact assessment on either PSNR
or SNR. Consequently, there is a pressing need for a standardized structure for image
denoising studies, encompassing specific reference tests (including the appropriate balance
of traditional programming and deep learning models) and a predetermined set of specified
image quality metrics (such as PSNR, SSIM, CNR, and ENL). Consequently, the feasibility of
conducting a meta-analysis was limited, as only a small subset of studies provided similar
image quality metrics beyond PSNR or SNR. This situation underscores the significant
consequences stemming from the lack of minimum standards and tools available in the field
of image denoising, where diagnostic studies are currently limited to utilizing only two
tools (STRAD-AI and QUADS-2). Since the studies included in this review solely reported
either PSNR or SNR of the denoised images in comparison to multiple reference tests,
it remains uncertain whether DL provides significant assistance in image denoising and
speckle reduction. Ideally, the impact of DL for denoising OCT images in ophthalmology
should be demonstrated in practice-based settings and validated by its ability to improve
further objectives such as detection [60], classification [61], and segmentation [62], which
the majority of included studies did not consider.

Fourthly, a significant proportion (74%) of papers were excluded from the review due
to the absence of DL methodologies, instead focusing on improving traditional program-
ming methods such as wavelets and shearlets [63], NLM [64], and BM3D [65]. This suggests
that DL has not been extensively investigated for OCT image denoising. The remaining
papers were excluded due to inadequate descriptions of datasets and their utilization,
as well as a lack of reference testing to demonstrate their impact on PSNR and SNR.

Fifthly, and perhaps most importantly, none of the studies incorporated input from
clinicians regarding the produced results. This is particularly concerning considering that
the primary purpose of denoising OCT images is to assist clinicians in diagnosing various
retinal diseases. Ideally, clinicians should provide feedback on the reported denoised
images, assessing whether useful data has been removed or added that could significantly
impact diagnosis accuracy.

Lastly, it is essential to emphasize that OCT is the primary instrument in ophthalmol-
ogy for capturing multiple types of images (including ONH and retinal images) crucial
for detecting retinal diseases. This systematic review has revealed both strengths and
limitations, with a systematic and extensive assessment of studies conducted to compare
DL for image denoising, speckle reduction, and super resolution for OCT images in ophthal-
mology; while there was a restricted timeline justified by the focus on DL, a substantial and
diverse body of evidence has been presented, validating the necessity for such limitations.
Additionally, the absence of a meta-analysis was attributed to the mixed nature of reporting
and the lack of quality in comparative result analysis.

Therefore, there has been a growing number of studies investigating the denoising of
OCT images in ophthalmology using deep learning, with various computational architec-
tures being explored. Among the reported metrics of image quality, the peak signal-to-noise
ratio (PSNR) has emerged as a reliable metric for intercomparison, with values spanning
from 8.1 to 25.7 dB for ONH images and 26.4 to 158.6 dB for retinal datasets. Moving
forward, it is imperative for future studies to clearly outline reference tests and datasets,
relying on a common, extensive, and clinically meaningful outcome basis to drive progress
in the field.

6. Conclusions

In summary, the landscape of research in denoising Optical Coherence Tomography
(OCT) images within ophthalmology has seen a notable surge, with a diverse array of
studies delving into the application of deep learning techniques. This exploration has
encompassed various computational architectures, reflecting a dynamic and evolving field
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seeking optimal solutions for image enhancement. Among the array of metrics used to
evaluate image quality, the peak signal-to-noise ratio (PSNR) has emerged as a consis-
tent benchmark for intercomparison, offering insights into the effectiveness of denoising
methodologies. Notably, PSNR values have exhibited substantial ranges, underscoring
the complexity and variability inherent in OCT image denoising efforts. Looking ahead,
it is essential for future investigations to prioritize transparency and standardization in
methodologies, particularly in outlining reference tests and datasets. By establishing a
common foundation grounded in clinically meaningful outcomes, researchers can foster
more robust advancements and ensure the translation of findings into tangible benefits for
clinical practice and patient care.
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tion GAN; SRGAN—Super-resolution GAN; EGAN—Enhanced GAN; SRCNN—Super-resolution
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