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The recent advancements in deep learning technology have significantly
transformed the field of medical imaging, namely in the diagnosis of ocular
illnesses. The progress made in this field has improved the capacity to
extract and evaluate intricate characteristics in images, with Optical
Coherence Tomography (OCT) playing a crucial role. OCT has become
known for its safe qualities and its high level of detail, rendering it an
essential instrument in the diagnosis of eye diseases. The interesting
improvement in research is centered around the integration of deep
learning with OCT for the purpose of automating the detection of eye
diseases. We conducted a comprehensive study that explores several
diagnostic methods and the wide-ranging uses of OCT. Additionally, it
addresses the accessibility of publicly available datasets that are specifically
tailored to optical coherence tomography (OCT). The paper provides a
detailed review of the most recent advancements in computer-assisted
diagnostic methods for diseases of the eye, such as age-related macular
degeneration, glaucoma, and diabetic macular edema, with a particular focus
on the effective use of OCT. Moreover, the paper systematically analyzes the
primary challenges that deep learning faces in OCT image interpretation,
emphasizing the intricate nature and possibilities of this field.
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A. Introduction

During the seventeenth century, anatomical eye models gained popularity
throughout Europe. These objects were valuable educational instruments,
facilitating the practical examination of eye structure and the repetitive practice of
dissecting, while also being admired for their craftsmanship and visual appeal. The
creators of these artifacts consisted of surgeons, anatomists, and artists, who
frequently worked together to manufacture them [1]. Optical Coherence
Tomography (OCT), an innovative imaging method, is at the forefront of this
ongoing struggle. OCT is a very effective technique that produces high-resolution
images of the eye's structure. It is non-contact and non-invasive, allowing for
speedy and safe imaging [2]. These detailed cross-sectional views are vital for
precise diagnosis [3]. Its ability to be used multiple times makes it especially
advantageous for monitoring patients' post-surgery or for early detection of
diseases. The use of OCT is particularly prominent in the diagnosis of common
ocular illnesses such as age-related macular degeneration (AMD) and diabetic
macular edema (DME) [4].

The challenge lies in the significant volume of high-quality data produced by OCT's
quick imaging capability. Thorough examination of the data necessitates a
substantial investment of time and expertise from ophthalmologists. This is the
point at which the emergence of Deep Learning (DL) technology becomes relevant.
Exhibiting exceptional skill in analyzing and measuring abnormal characteristics in
OCT images [5]. The recent development of computational intelligence [6] [7] and
deep learning has created opportunities for expedited and more precise disease
categorization [8] [9] and examination. This technical advancement enhances
diagnostic accuracy and greatly reduces the time needed to make a diagnosis, so
offering vital assistance to medical professionals in their decision-making [10].
This research extends beyond the basic technical issues of OCT and deep learning.
This is an examination of the several imaging methods associated with OCT and its
wide range of uses in the field of ophthalmology. Furthermore, it illuminates the
public datasets that are accessible for OCT research, which is an essential asset for
progressing in the discipline. The research additionally performs a comprehensive
examination of contemporary advancements in computer-aided diagnostic
systems, specifically focusing on their application in detecting different eye
disorders and the utilization of OCT technology to enhance their capabilities. These
technologies signify a significant change in the method of identifying and treating
eye diseases, allowing for earlier intervention and potentially more successful
treatment approaches.

Moreover, the study recognizes and confronts the significant challenges that
persist in the area of OCT imaging. The complicated nature of image analysis, the
requirement for extensive and varied datasets for training deep learning models,
and the incorporation of these advanced technologies into clinical practice are all
crucial matters that require attention. The paper aims to provide an in-depth look
at the current state of OCT imaging and its incorporation with deep learning. It
attempts to emphasize both the possible benefits and the obstacles that need to be
addressed.

This work presents a comprehensive perspective on the integration of OCT
imaging with deep learning. This text explores both the technical aspects of these
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new instruments and their practical uses, as well as the challenges that they
encounter in improving the diagnosis and treatment of ocular diseases. This
comprehensive approach offers valuable insights into the possibility of additional
progress in this field and emphasizes the significance of ongoing research and
development to fully exploit the capabilities of these technologies. The primary
objective is to improve the quality of patient care and results in the field of
ophthalmology by increasing the accessibility and effectiveness of early
identification and treatment of eye disease.

B. Advancements in DL For Computer-Assisted OCT in Diagnosing Eye
Diseases

The Optical Coherence Tomography (OCT) explores its advancements and
applications in medical fields, primarily in ophthalmology. It discusses the
technical aspects of spectral-domain and swept-source OCT, highlights low-cost
and handheld devices, and the potential of integrating artificial intelligence with
OCT imaging. The paper also presents case studies and technical specifications of
OCT devices [11].

The effectiveness of deep learning models depends on the attributes and
caliber of the data employed during their training [12] . The use of large-scale
medical imaging datasets may improve the effectiveness of deep learning models
in analyzing medical images. However, comparable or even better performance has
been attained by employing smaller databases that are rich in diverse features and
well-organized, with improved annotation and labeling [13].

a. Processes in Deep Learning for OCT Diagnostics

The application of deep learning of eye diseases using OCT follows a series of
steps similar to those in other imaging domains. These include initial OCT image
preprocessing, segmentation of OCT images, and finally, classification of these
images [14], as illustrated in Fig. 1.

Pre-processing techniques like image enhancement,
denoising, and morphological operations are used to
prepare optical coherence tomography (OCT)
pictures for subsequent procedures, enhancing
contrast and ROL.

OCT Preprocessing

Lesion segmentation helps clinicians and
OCT Segmentation automated algorithms understand the location
and dimensions of lesions by measuring tissue
width and determining the lesion's area.

Deep learning algorithms in OCT classification
help ophthalmologists predict diseases, diagnose

OCT Classification ) ) !
[ l_—' patients, determine eye health, and provide
referral recommendations.

Figurel. Deep Learning-Based Standard Methods for Ophthalmic Diagnosis with
OCT [14]
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b. Current Research in DL for OCT-Based Ophthalmic Disease
Diagnosis

The intersection of deep learning and medical diagnostic technologies has
become a focal point in academia [12], [15] other applications like face and gait
recognition [16] and facial prediction [17]Significant strides have been made in
this field. For example, in [18] Examines the fusion and influence of deep learning
and artificial intelligence in the field of ophthalmology. This article explores the
progress made in artificial intelligence and deep learning for the purpose of
identifying several eye conditions, including diabetic retinopathy, glaucoma, and
age-related macular degeneration. These conditions are detected using digital
imaging techniques. The paper explores the utilization of these technologies in the
identification of disease features, progression, and treatment outcomes,
particularly in retinal illnesses through the use of optical coherence tomography
(OCT). Following this, [19] [20] examines the application of deep learning methods
in categorizing optical coherence tomography images for the purpose of
diagnosing retinal diseases. The study assesses different deep learning models, and
ResNet-50 demonstrates the greatest accuracy of 96.21%, indicating its potential
for enhancing patient care and decreasing healthcare expenses.

The study explores the integration of machine learning (ML) in
ophthalmology, emphasizing the revolutionary impact of artificial intelligence,
specifically ML and deep learning[21], on improving the diagnosis of eye illnesses
using advanced imaging techniques. The process delineates the several processes
entailed in constructing Artificial Intelligence (AI) models, which include tasks
such as preparing picture data, conducting training phases, and evaluating
performance. The publication strongly emphasizes the utilization of Al in crucial
ocular imaging techniques, such as fundus photography, optical coherence
tomography, and slit-lamp imaging. Furthermore, it explores the present
difficulties and potential progress in utilizing artificial intelligence for the
identification and treatment of eye disorders [22]. The efficacy of a novel
telemedicine system that integrates OCT and Al for the detection of retinal
disorders. The system was implemented at four primary care facilities in Shanghai
and encompassed a total of 1257 participants. The Al algorithms demonstrated
remarkable precision, with a success rate of 96.6% in recognizing urgent cases and
an accuracy of 98.8% in confirming them. This technology significantly reduced the
requirement for human consultations by 96.2% in cases without any problems
[23].

c. Public OCT Datasets

Accessing training samples through public datasets is a direct approach.
Table 1 lists the current available public OCT datasets, offering developers a choice
based on their specific needs.

Table 1. OCT public dataset

Ref. Dataset Name Description

[23] Labeled Retinal OCT  The dataset comprises almost 16,000 retinal OCT B-scans
Dataset for obtained from 441 cases at Noor Eye Hospital in Tehran, Iran.
Classification of The cases are categorized as follows: Normal (120), Drusen

Normal, Drusen,and (160), and CNV (161). Retinal specialists are responsible for
CNV Cases Dataset labeling images.
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[24] Optical Coherence This work introduces a thorough open-access database containing
Tomography Image more than 500 high-resolution OCT images. The images are
Retinal Database classified into several clinical situations and are intended for the

early detection of retinal diseases. The database includes both
normal OCT images and a user-friendly graphical user interface
(GUD).

[25] Daniel Kermany The dataset of validated OCT and Chest X-Ray images is used in a
deep learning-based classification and referral of treatable human
diseases, divided into a training and testing set of independent
patients and labeled in four directories.

[26] OCTDL The collection includes over 1600 high-resolution OCT pictures
categorized by disease group and retinal pathology, including age-
related macular degeneration, diabetic macular edema, epiretinal
membrane, normal, retinal artery occlusion, and vitreomacular
interface disease.

[27] Noor Hospital OCT  The study compared local and public OCT images with the best
configurations of the MCME method, achieving an average
precision rate of 98.86% and AUC of 0.9985.

C. Recent Advancements in OCT for Diagnosing AMD, DME, and Glaucoma

Deep learning has been extensively employed in the CAD of ophthalmic
diseases. It plays a pivotal role in recognizing, localizing, segmentation [29] and
measuring abnormal characteristics of a wide range of macular and retinal
diseases, as well as in classifying disease kinds and lesion severity [30]. The
subsequent sections provide an overview of recent developments in CAD systems
for various ophthalmic diseases using OCT, underpinned by deep learning
technology.

a. 3.1 Advances in OCT-Based AMD Diagnosis

Age-related Macular Degeneration (AMD) is a leading cause of irreversible
vision loss in older adults, posing a significant threat to their independence [31].
Accurate assessment of AMD is crucial, and deep learning has shown great promise
in enhancing diagnostic capabilities. Key developments include:

Table 2. Advancements in OCT-Based AMD Diagnosis Utilizing Deep Learning

Method/Model . Key
Authors Year Focus of Study Used Dataset Details Results/Findings
. 48,312 healthy, AUROC: 0.9746;
[32] 2017 sIcI:"ceteezlglg:ng Asll’gr)n VGG16, Xavier 52,690 AMD Sensitivity: 0.926;
&5y images Specificity: 0.937
Datasets from four
. OCT equipment Outperformed
[33] 2018 DeteCtIOI.l, FCNN providers two expert
segmentation . .
(Heidelberg, Zeiss, observers
Topcon, Nidek)
2,325 OCT Segmentation of
[34] 2018 CADsystemfor U-Net datasets from " ious AMD-
neovascular AMD Konkuk University .
. related lesions
Medical Center
Cl;zsallf;ﬁat::é()f Sensitivity: 100%;
[35] 2018 y Inception-V3 1,112 OCT images  Specificity: 92%;
exudative AMD
. Accuracy: 96%
images
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Segmentation of CNN, graph 7%);})13}2;;(; 3&531
36 2018 OCT images into theory, random 2,456 OCT images y R
g Y 8
. . acuity variability
retinal regions forest at month 12
use OCT images one million images achieving 99.5%
and DL methods to AlexNet and & accuracy in dry
1371 2019 4 ssify dry AMD ResNet CNN Ofg:;i‘jjﬁ AMD and 98.8%
and wet AMD. in wet AMD
Accuracies of . Ergm 384 the proposed
Automatic deep learning participants, 269 method
[38] 2020 detection of network were diagnosed achieves an
AMD with and namely with AMD, the accuracy of
without OCT ResNet50 remaining 115 96 783;
were healthy. e
The findings
suggest that
pathological U-net, U-net- The AROI . severe diseases
. . database contains . .
[39] 2021 changes present in like, and U- provide major
of 1136
AMD net++ B-scans challenges for
automated
segmentation
72 pairs of ICGA
Evaluation of and SD-OCT improved the DSC
[40] 2023  diagnostic test or PCV-Net images from 72 by 0.04 to 0.43
technology. eyes of
participants.
The accuracy:
0,
SVM, KNN Images: I?l% gg.é%o//o
] )] . . 0
A common ocular LR), 300:DME, ExtraTrees 100%
[41] 2023 303 AMD
manifestation ExtraTrees, and 304 RVO' train
(MLP) 306 CSC’ MLP 98.35%
LR 90.83% train

In [32] Implemented a sophisticated AMD screening mechanism. The VGG16
model was employed in this system, initialized using the Xavier technique, and
trained on a dataset consisting of 48,312 healthy pictures and 52,690 photos of
AMD. The model attained an AUROC (Area Under the Receiver Operating
Characteristic) of 0.9746, along with a sensitivity of 0.926 and specificity of 0.937.

A deep learning algorithm was developed in [33] to identify and measure
intraretinal cystoid fluids in OCT images, aiding in the assessment of age-related
macular degeneration severity, outperforming expert observers in testing.

Another advancement in [34] from Konkuk University Medical Center.
involved a CAD system for neovascular AMD. This system could segment various
AMD-related lesions like IRF, SRF, PED, and SHRM, using a U-Net model, and was
validated on 2,325 OCT datasets.

The authors in (Treder et al, 2018) utilized the Inception-V3 model for
transfer learning on a dataset of 1,112 OCT images. Their objective was to identify
pictures as either healthy or exhibiting exudative AMD. The model achieved a
sensitivity of 100%, specificity of 92%, and accuracy of 96%.

Authors in [36] combined graph theory and a CNN for segmenting 2,456 OCT
images into four retinal regions. They used image segmentation and clinical visual
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acuity data for regression prediction with a random forest model, explaining up to
70% of the visual acuity variability at month 12.

The ResNet model demonstrated higher accuracy compared to AlexNet in the
classification of Age-Related Macular Degeneration (AMD) using OCT images. The
accuracy of dry AMD detection was 99.5%, with a sensitivity of 98.0% and a
specificity of 100.0%. The area under the ROC curve was 94.0%. For wet AMD, the
accuracy rate was 98.8%, the sensitivity rate was 95.6%, and the specificity rate
was 99.9%. Additionally, the area under the ROC curve was 63.0%. This
underscores the efficacy of ResNet in precisely identifying both forms of AMD [37].

These studies demonstrate that deep learning-based OCT systems for AMD
diagnosis are highly accurate and effective in predicting best-corrected vision, with
increasing focus on segmenting AMD-related areas to assist clinicians in assessing
severity and making informed decisions.

The study in [38] investigates the impact of choroid inclusion on AMD
detection from OCT images. The study presents a deep learning system and
evaluates its accuracy by comparing the results with and without the inclusion of
choroid. The findings indicate that the inclusion of the choroid significantly
enhances the accuracy of detecting age-related macular degeneration (AMD),
achieving a high accuracy rate of 96.78%, which is like the most advanced
techniques now available. The approach employs the ResNet50 convolutional
neural network.

Age-related macular degeneration (AMD) pathological alterations can be
better understood from optical coherence tomography (OCT) images. In an
automatic segmentation study utilizing deep learning models, it was discovered
that while standard models fared well when there were no discernible pathological
changes, they faltered when there were, especially in fluid-filled regions like IRF,
SRF, and PED. With 1136 annotated B-scans from 24 patients in the current
Annotated Retinal OCT Images (AROI) database, significant difficulties with
automatic segmentation are revealed [39].

The research demonstrated the efficacy of the PCV-Net algorithm in
enhancing the precision of segmentation across different biomarkers in the context
of "Joint Multimodal Deep Learning-based Automatic Segmentation of Indocyanine
Green Angiography and OCT Images". The Dice similarity coefficient (DSC)
increased by 0.04, reaching a value of 0.43. The most notable enhancement was
observed in the segmentation of intraretinal fluid. The method additionally
enhanced the correlation and reduced the absolute disparities in clinical
parameters [40].

Gen et al [41] presented an artificial intelligence technique for automatically
classifying macular edema on spectral-domain optical coherence tomography (SD-
CT) pictures. The approach employs a dataset of 1,213 images obtained from the
Jiangxi Provincial People's Hospital. This dataset comprises 300 photos depicting
diabetic macular edema (DME), 303 images illustrating age-related macular
degeneration (AMD), 304 images showcasing retinal-vein occlusion (RVO), and
306 images displaying central serous chorioretinopathy (CSC). The support vector
machine (SVM) model achieved the highest performance, exhibiting an accuracy
rate of 93.8%. The model demonstrates high accuracy in classifying DME, AMD,
DME, RVO, and CSC based on SD-OCT images.
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b. Progress in OCT-Based DME Diagnosis

Diabetic Macular Edema (DME) is a medical disorder associated with diabetes that
affects the macula, which is the part of the retina responsible for sharp and direct
vision. Diabetic retinopathy leads to the compromise of the blood vessels in the
retina, resulting in the infiltration of fluid into the macula. The resultant edema
causes visual impairment and possible vision impairment. Diabetic macular edema
(DME) is a significant contributor to vision loss in those with diabetes. It requires
careful surveillance and intervention to manage its progression and impact on
visual clarity[42].
Diabetic Macular Edema (DME), a major complication of diabetes and a leading
cause of blindness, exhibits distinct pathological features in OCT imaging. Latest
Advances in Diabetic Macular Edema Detection Using Deep Learning and OCT

Technology:
Table 3. Deep Learning Innovations in OCT-Based DME Classification
Method/Model Dataset Key
Authors  Year Study Focus Used Details Results/Findings
Classifying OCT images  CNN, VGGNet-16, ITn };iigisee?rfr}r‘l Accuracy: 87.5%;
[43] 2017 into DME and normal 3-layer KNN Sineapore Sensitivity: 93.5%;
categories classifier §ap Specificity: 81%
OCT-NET for classifying Endi:;irilg deep Singapore
and norma . nstitute o ccuracy: 93.75%
44 2018 DME and 10CT & Insti f A y: 93.75%
. cropping, ROI
images ; eyes
extraction
Transfer Chinese
Classifying DME and learning, AlexNet University of Accuracies:
[45] 2018 ymeg & ’ Hong Kong 90.63% (SERI),
normal OCT images VggNet, )
and Singapore  93.75% (CUHK)
GoogleNet, PCA Eye Institute
328 cases
. . 317 training .
to classify Deep CNN, image 204 validation Yielded better
[46] 2018 OCT frames as being processing, rule- cases results than other
indicative of DME or not  based approach extract 1’827 methods
frames
. the VGG16 model
1000 images,
The diagnosis of 80% was used p.erform.e(.i be.tter
retinopathy, of CNV CNN for training in classification
[47] 2022 ; ’ VGG16 and than the
DME, ) and 20% for .
InceptionV3, . InceptionV3
and DRUSEN testing. : .
architecture, with
a 0.93 accuracy
Imaces of The pix2pix GAN-
the ability of the 1 195geyes of can provide a
[48] 2022 (plXZplX GAN) to DCNN 708 with or cllnlcally.useful
synthesize clinically without DME alternative to
useful OCT either image
were analyzed .
modality.
rl;;)srir(;?llzezirlllfs()ir()rlf;t}ilsri()fgil LCNN ResNet, 84,4?211?5(: e accuracy of above
[49] 2023 detecting DME from Vl(ril(c}:6t’i22d UCSD 95%
the OCT images. ption.
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addresses the

classification (D.CNNS) . The 633 achieved 99.8%
of three different types MobileNetV1, IMages were diagnostic
[50] 2023 . : yP EfficientNet-B3,  gathered from §
of retinal disorders: accuracy.

NASNetMobile patients (male

drusen, and Xception and female)

CNV and DME

In September 2017, Awais el al [43] utilized convolutional neural networks for
classifying OCT images into DME and normal categories. The model included image
cropping, denoising, feature extraction using VGGNet-16, and classification with a
3-layer KNN classifier, achieving 87.5% accuracy, 93.5% sensitivity, and 81%
specificity.

In 2018, Perdomo et al [44] introduced the OCT-NET, an end-to-end deep learning
model for classifying DME and normal OCT images. The model, preprocessed by
cropping and ROI extraction, adjusted filter numbers for feature extraction and
learning. Tested on the Singapore Eye Institute (SERI) database, it reached a
93.75% accuracy rate.

In 2018, Chan et al [45] applied transfer learning techniques for classifying DME
and normal OCT images. Using pre-trained networks like AlexNet, VggNet, and
GoogleNet for feature extraction and PCA for dimension reduction, followed by
classification via KNN, SVM, and random forest classifiers, the model achieved
accuracies of 90.63% and 93.75% in datasets from the Chinese University of Hong
Kong and Singapore Eye Institute, respectively.

In 2018, Vahadane et al [46] introduced DME diagnosis of a two-stage framework
using OCT. The initial phase involved detecting applicant patches for hard
transudes and fluid-filled regions (FFR) using image processing. The subsequent
phase entailed labeling these patches through a deep convolutional neural network
(CNN). The final aggregation step combined the CNN's confidence levels with a
rule-based approach to predict DME presence, yielding better results than other
methods.

The study by [47] tested and evaluated two convolutional neural network
architectures (VGG16 and InceptionV3) on an OCT dataset for diagnosing DME,
CNV, and DRUSEN. VGG16 achieved 93.12% accuracy rate and an average recall
value above 0.90, while InceptionV3 had 91.3% accuracy and a recall rate of 0.90
due to its complexity. VGG16's small data size and small filters make it a good
application model for transfer learning techniques.

The effectiveness of the pix2pix GAN was evaluated in generating clinically
valuable color-coded macular thickness maps using a relatively small original
fluorescein angiography (FA) dataset and vice versa. This offers a viable
alternative to either imaging technique for patients with diabetic macular edema
(DME). The results demonstrated a credible subjective and objectively evaluated
quality, offering a clinically valuable alternative to either picture modality. Using
the pix2pix GAN can effectively address problems associated with machine
unavailability or clinical scenarios [48].

Diabetic Macular Edema (DME) is an uncommon ocular condition characterized by
the accumulation of fluid in the retina. The detection process has proven to be
difficult due to the inherent constraints of fundus images and Optical Coherence
Tomography (OCT). Machine learning techniques have enhanced detection
capabilities through the analysis of OCT images, although their effectiveness is

Indonesian Journal of Computer Science Vol. 13, No. 1, Ed. 2024 | page 122



ISSN 2549-7286 (online)

restricted to datasets that are two-dimensional in nature. A novel convolutional
neural network (CNN) approach is developed for the efficient detection of diabetic
macular edema (DME) lesions, resulting in improved prediction accuracy. The
model surpasses existing deep learning models, with a 96% accuracy rate [49].
A novel guided-ensemble approach has been proposed by the authors in [50] for
automated diagnosis of retinal disorders like drusen, choroidal neovascularization
(CNV), and diabetic macular edema (DME). Four pre-trained CNNs were fine-
tuned, and the approach was tested on 84,495 retinal OCT images. The method
achieved a 99.8% diagnostic accuracy, outperforming other methods, and
outperforming the best-known method for classifying these conditions.
These results suggest that deep learning-based diagnostic algorithms can achieve
high accuracy in detecting diabetic macular edema (DME) by adapting and
integrating existing models, thanks to the distinctive lesion features of DME in OCT
imaging. Consequently, research is shifting towards diagnosing multiple
ophthalmic diseases simultaneously, such as AMD, DME, and Drusen.

c. 3.3 OCT-Based Digital Diagnosis of Glaucoma
Glaucoma, a condition with no symptoms in the early stages, can lead to total
blindness if not treated. Early detection can prevent permanent blindness. Manual
eye inspection may be possible, but the skills of the individuals involved depend on
their skills. Combining computer vision, artificial intelligence, and image
processing can aid in detecting and preventing glaucoma [51]. Recent
developments in deep learning for glaucoma diagnosis using OCT include:

Table 4. Recent Progress in DL for Glaucoma Diagnosis Using OCT and Other

Imaging Techniques
Method/Model . Key
Authors Year Study Focus Used Dataset Details Results/Findings
[52] 2018 ngitaliigsrtnvgork CNN se rAnSe-rcl)t(;;l;on AUC score from
glanco MCDN & " 0.9305 to 0.9456
diagnosis MCDN analysis
. Quantifying GCC
53] 2019 d}izaarz Sgll:‘;fgtr}rl‘? . AROC]‘)"’L‘th the  “hickness and AROC: 93.7%
& RNFL defect
Retinal layer ) o
S-D-net model for S-D net segmentation Acc1.1r.ac.y. 85.4%;
[54] 2022 . . . Sensitivity: 85.9%;
glaucoma diagnosis and thickness i
. Specificity: 84.4%
analysis
1105 OCT
. images from 398
convt(z)h(l:'lc;(;zi;nodel CNN eyes, 200 with  accuracy of 0.9963
[55] 2022 laucoma fr}z)m softmax glaucoma, 1049 and an AUC of
Eealth N OCT images from 0.9963
y Images. 272 healthy eyes
of 180 subjects
. . a significant
[i{r?tseol}zel:egnrclzlisr? Atotal of 116 decrease in
imace to optimize Unet patients and 116  vascular density
[56] 2023 & thep ResNet eyes were (VD) and increase
apolication of AS- included inthe  in vessel diameter
PP OCTA study index (VDI) after

denoising,
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develop and A total of 14 034 UC 0f 0.938,
validate DL model SD-OCT scans sensitivity of
[57] 2023 for detection of Deep Learning from 816 eyes 87.3%, and
glaucoma from 462 specificity of
progression individuals 86.4%,

Fu et al [52] Introduced a dual-phase deep learning network in 2018. The initial
phase focused on the segmentation of the anterior segment OCT (AS-OCT). and the
second phase involved multi-context deep layer network (MCDN) analysis for
closed-angle glaucoma probability.

Asaoka et al [53] introduced a method for early glaucoma diagnosis by quantifying
GCC thickness and RNFL defect, showcasing an AROC value of 93.7%.

Wang et al [54] in 2018 established the S-D-net model for glaucoma diagnosis,
focusing on retinal layer segmentation and thickness analysis in OCT images. The
model outperformed human experts with an accuracy of 85.4%, sensitivity of
85.9%, and specificity of 84.4%.

Authors in [55] presented a deep-separable convolution (DSC) model for
classifying glaucoma from healthy OCT images. The model efficiently extracts
glaucoma features, achieving high accuracy, precision, recall, F1-score, and AUC
with only 20,686 parameters. The model uses a two-dimensional depth wise
separable convolution architecture and a gradient-weighted class activation
mapping to highlight structural deformations per B scan. The dataset includes
1105 glaucomatous and 1049 normal OCT B scans, aiding ophthalmologists in
making appropriate diagnoses.

Deep learning techniques have been applied to enhance optical coherence
tomography angiography (OCTA) images of the anterior segment, enhancing image
quality and reliability of vascular measurements like vascular density (VD) and
vessel diameter index (VDI). This advancement is particularly relevant for accurate
assessment and treatment in ophthalmology, particularly in managing conditions
like glaucoma [56].

The study by [57] developed and validated a deep learning model for detecting
glaucoma progression using spectral-domain (SD)-OCT measurements of retinal
nerve fiber layer (RNFL) thickness. The model was trained to assess SD-OCT RNFL
thickness measurements and time between visits to predict the probability of
glaucoma progression. The DL model had an AUC of 0.938, sensitivity of 87.3%,
and specificity of 86.4%, outperforming trend-based analyses. The model agreed
well with expert judgments and outperformed trend-based analyses, providing
indication of likely change locations.

These studies highlight that while most models focus on RNFL and GCC thickness
for glaucoma diagnosis, incorporating Accuracy could be improved by
incorporating supplementary clinical parameters and visual field data. To train
high-precision models, a significant amount of specialist knowledge and
comprehensive data is necessary. This includes test data, optic disc images, and
OCT images, which are used for multimodal analysis.

D. Challenges in Deep Learning for OCT-Based Ophthalmic Disease
Diagnosis
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Deep learning holds promise in the computer-aided diagnosis of ophthalmic

diseases using OCT, yet several challenges persist:
Data Quality and Diversity: The effectiveness of deep learning
algorithms is vastly dependent on the quality and diversity of the
dataset. High-quality annotated data requires the involvement of clinical
experts for labeling, which can be costly and time-intensive.
Additionally, datasets must encompass a variety of factors, including
different races and imaging devices, to enhance the model's
generalization capabilities [58], [59].
Insufficient Information in OCT Images: Clinicians typically do not rely
solely on OCT images for diagnosis. Instead, they consider a range of
multi-modal data, including fundus images and patient electronic health
records, which provide a more comprehensive understanding of the
patient's condition [60].
Transfer Learning Limitations: Typically, transfer learning feature
extraction models are first trained on large datasets of natural images,
such as ImageNet. The significant disparity between medical and natural
images introduces limitations in the applicability of these pre-trained
models to medical image analysis [61].
Model Interpretability: A major hurdle in the clinical application of deep
learning-based systems is the lack of clear interpretability of these
models. Understanding the internal mechanisms of deep learning
models remains a challenge, impacting their acceptance and
trustworthiness in clinical practice [62].
Privacy Concerns: Medical data often involves sensitive patient
information. Privacy concerns are a significant barrier to the sharing
and utilization of medical data, posing a challenge for the development
and refinement of deep learning models in medicine [63].

E. Conclusions

This review explores the advancements of Deep Learning using Optical Coherence
Tomography (OCT). It highlights the progress in diagnosing various ophthalmic
diseases, such as Age-related Macular Degeneration (AMD) and Diabetic Macular
Edema (DME), and the advancements in CAD of Glaucoma using OCT. The review
also highlights the versatility and scalability of deep learning techniques in
handling diverse medical imaging tasks. The intersection of deep learning and OCT
in ophthalmic disease diagnosis is a testament to the progress in medical
technology and a beacon of hope for enhanced patient care. As the field continues
to evolve, it holds the promise of transforming ophthalmology, offering more
accurate, efficient, and accessible diagnostic tools. The future of ophthalmic
diagnosis is bright and increasingly reliant on the intelligent integration of
technology and medicine.
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