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Comprehensive study of ophthalmic diseases: insights, challenges and innovations
Shraddha S. Shinde and Swati A. Bhavsar

Research Centre at Department of Computer Engineering, MCERC, Savitribai Phule Pune University, Nashik, India

ABSTRACT
Ophthalmic diseases establish a vital global health concern, affecting millions of persons worldwide and 
affect vision loss which increases impact on the quality of life and economic burden. Classifying diseases 
is a crucial aspect of the ophthalmology, as it helps in diagnosis, treatment and research. It encompasses 
a wide range of conditions affecting the eyes and its surrounding. The classification can be based on 
anatomy, clinical presentation, age-related factors, systemic associations and traumatic causes. 
Ophthalmologists use these classifications to provide targeted treatments and interventions. In this 
review paper, we converse the impact of diseases on individuals and society, and image modalities 
used to classify and detect disease with severity. Additionally, this study explores risk factors along with 
the need for dedicated research, intervention strategies, diagnosis challenges and proposed system. By 
understanding the various circumstances, this study helps to diagnose the eye disease with its severity. 
This study reveals that 28% of researchers used the Messidor dataset with 24% applied CNN techniques, 
along with 57% diseases focusing on diabetic retinopathy. Despite existing methods, there is scope for 
improvement in detecting multiple ophthalmic diseases, which the proposed system aims to address by 
enhancing detection and classification with severity within a single framework.
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1. Introduction

The era of ophthalmology is dedicated to the study and man
agement of diseases and disorders related to the eye and the 
visual system. Ophthalmic diseases encompass a wide range of 
conditions, from common and easily treatable issues like refrac
tive errors to severe and potentially blinding diseases such as 
glaucoma, age-related macular degeneration (AMD), diabetic 
retinopathy and cataract. These conditions can affect indivi
duals of all ages and backgrounds, making them a significant 
global health concern.

The eye is a remarkably complex and delicate organ respon
sible for our sense of vision. Ophthalmic diseases can impact 
several eye portions, including lens, cornea, optic nerve, retina 
and the surrounding structures like the eyelids and tear ducts. 
These diseases can be visible with a diverse array of symptoms, 
from blurred vision and eye discomfort to pain, redness, and, in 
severe cases, vision loss.

Understanding ophthalmic diseases is crucial because vision 
is a fundamental aspect of human well-being and quality of life. 
Impaired vision can hinder daily activities, limit independence 
and reduce overall life satisfaction. Furthermore, untreated 
ophthalmic diseases can progress to irremediable vision loss, 
making early detection and intervention critically important.

The causes of ophthalmic diseases vary widely and can 
include genetic factors, infections, autoimmune processes, age- 
related changes and environmental influences. Risk factors 
such as smoking, poor nutrition and exposure to UV radiation 
can also contribute to the development and progression of 
these conditions.

Ophthalmologists, eye care specialists trained to diagnose 
and treat ophthalmic diseases, play a pivotal role in addressing 
these conditions. They utilise a range of diagnostic tools, 
including visual acuity tests, ophthalmoscopy, imaging techni
ques like optical coherence tomography (OCT) and various 
specialised tests to evaluate the health of the eye and identify 
specific diseases.

Treatment options for ophthalmic diseases are equally 
diverse and may include prescription eyeglasses or contact 
lenses, medications (e.g. eye drops), surgical procedures (e.g. 
cataract surgery or laser therapy), and, in some cases, innova
tive approaches like gene therapy and regenerative medicine.

In this era of advancing medical technology, ongoing 
research and innovation in ophthalmology are expanding our 
understanding of these diseases and leading to more effective 
treatments. Additionally, public health initiatives aim to encou
rage eye health, nurture awareness about the significance of 
regular eye exams and improve access to eye care services, 
especially in underserved communities.

In brief, ophthalmic diseases represent a multifaceted and 
significant aspect of healthcare. This introduction provides 
a glimpse into the complex world of eye-related conditions, 
emphasising their impact on individuals’ lives and the critical 
role of healthcare providers and researchers in their diagnosis, 
treatment and prevention. As our knowledge and technology 
continue to advance, we strive to enhance our ability to pre
serve and restore vision, thereby improving the quality of life 
for millions of individuals across the world.

This review aims to be responsible for a holistic understand
ing of ophthalmic diseases, considering their prevalence, risk 
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factors, diagnostic challenges and recent advancements with 
their limitations also summarise the ophthalmic diseases, 
emphasising their global prevalence and distribution among 
different populations. This study provides a brief introduction 
to the proposed system and outlines its future directions. It 
explores the impact of demographic factors, including age, 
gender and geographic location, on the incidence of these 
diseases. Section II explains the importance and impact of 
ophthalmic diseases, section III classifies the various ophthal
mic diseases and their symptoms and section IV discusses the 
causes and risk factors of diseases. Section V states diagnostic 
challenges for ophthalmic diseases detection. Section VI elabo
rates techniques and image types used by the researchers. 
Section VII briefs the proposed system. Finally, this paper con
cludes with discussion and conclusion.

2. Importance and impact of ophthalmic diseases

In this section, the importance and impact of ophthalmic dis
eases on individuals and society is explained. These diseases 
affect people of all ages and backgrounds. These diseases not 
only impact an individual’s quality of life but also have broader 
societal and economic implications. Investing in preventive 
measures, early intervention and ongoing research into 
ophthalmic diseases is essential to reduce their impact and 
improve the lives of those affected by these conditions. Here 
is a detailed explanation of their impact:

2.1. Individual impact

● Vision Loss and Impairment: Ophthalmic diseases can 
direct to vision loss completely or partially, which consid
erably affects an individual’s capability to perform daily 
activities independently. Loss of vision can lead to 
a decreased quality of life, reduced mobility and increased 
dependence on others.

● Physical and Mental Health: Visual impairment can result 
in physical injuries due to falls and accidents. Moreover, it 
can prime to mental and emotional health issues viz. 
anxiety and depression and results in the loss of freedom 
and social isolation.

● Educational and Occupational Limitations: Children with 
untreated eye conditions may experience difficulties in 
learning and academic achievement. Similarly, adults 
may face challenges in maintaining employment or pur
suing their careers when vision is compromised.

● Impact on Relationships: Vision loss can strain personal 
relationships, as individuals may become reliant on family 
members for assistance with daily tasks. This can affect 
the emotional well-being of both the affected individual 
and their caregivers.

2.2. Societal impact

● Economic Burden: Ophthalmic diseases impose 
a generous financial burden on society. This includes 
costs associated with healthcare, diagnosis, treatment 
and rehabilitation, as well as indirect costs related to 
productivity losses due to vision impairment or blindness.

● Increased Healthcare Utilisation: Ophthalmic diseases 
often require frequent medical visits, surgical interven
tions and long-term management, contributing to the 
demand for healthcare services. This can strain healthcare 
systems and resources.

● Educational and Employment Impact: Vision-related diffi
culties can lead to lower educational attainment and 
reduced employment opportunities. This can result in 
a less skilled workforce and decreased economic produc
tivity at both individual and societal levels.

● Social Welfare Programmes: Vision-impaired indivi
duals may require social welfare and disability sup
port, further impacting government budgets and 
resources.

● Public Health Concern: Ophthalmic diseases are 
a significant public health concern. They may be indica
tive of broader health issues, such as diabetes or hyper
tension, and can lead to complications that affect overall 
well-being.

2.3. Prevention and intervention

● Early Stage Detection and Treatment: The impact of 
ophthalmic diseases can be mitigated through early 
stage detection and proper treatment. Regular eye 
exams can help identify conditions at their earliest stages 
when interventions are most effective.

● Vision Rehabilitation: Rehabilitation services, including 
vision aids, adaptive technology and training programmes, 
can help individuals with visual impairment regain inde
pendence and improve their quality of life.

● Public Awareness and Education: Promoting civic aware
ness of healthy eyes and the importance of regular eye 
check-up can contribute to the early detection and pre
vention of ophthalmic diseases.

3. Classification of ophthalmic diseases

There are numerous categories of ophthalmic diseases, each 
with its own unique characteristics and manifestations. 
Ophthalmic diseases can be categorised based on anatomy, 
aetiology, clinical presentation, age-related factors, systemic 
associations and traumatic causes. In Figure 1, classification 
with their subcategory is mentioned. Symptoms of each cate
gory with its detection methodologies are mentioned in 
Table 1.

● Refractive Errors: 
o Myopia: Difficulty to see clearly distant objects. 
o Hyperopia: Difficulty to see visibly nearer objects. 
o Astigmatism: Blurred vision or distorted vision due to 

irregular shape of cornea or lens. 
o Presbyopia: Age-related difficulty in focusing on close 

objects.

● Cataracts: 
o Age-related cataracts: Clouding of the eye’s natural lens 

due to ageing. 
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o Congenital cataracts: Present at birth or develop during 
infancy. 

o Traumatic cataracts: Result from eye injuries or trauma. 
o Secondary cataracts: Develop as a result of other eye 

conditions or systemic diseases.
● Glaucoma:  

o Primary open-angle glaucoma: Gradual damage to the 
optic nerve with increased intraocular pressure.  

o Angle-closure glaucoma: Sudden increase in intraocular 
pressure due to a narrow drainage angle. 

o Normal-tension glaucoma: Optic nerve damage despite 
normal intraocular pressure.  

o Secondary glaucoma: Caused by other eye conditions, 
trauma or systemic diseases.

● Age-Related Macular Degeneration (AMD): 
o Dry AMD: involves the gradual breakdown of the 

macula. 
o Wet AMD: Due to abnormal growth of blood vessel 

under the macula causes scarring and fluid leakage.
● Diabetic Retinopathy:  

o Non-proliferative: Weakening of retinal blood vessel and 
potential fluid leakage. 

o  Proliferative: new blood vessels grow on retinal 
abnormally.

● Retinal Diseases: 
o Retinal detachment: Retina is separated from its under

lying tissue.o Retinitis pigmentosa: Vision loss occurs 
due to retinal progressive degeneration. 

o Macular hole: A small break or defect in the macula.
● Corneal Diseases: 

o Keratoconus: Progressive thinning and bulging of the 
cornea. 

o Corneal dystrophies: Genetic disorders affecting the 

cornea’s structure and clarity.o Corneal infections (e.g. 
bacterial, viral, fungal).

● Ocular Inflammation and Infection: 
o Endophthalmitis: Severe infection within the eye. 
o gConjunctivitis (pink eye): Inflammation of the conjunc

tiva. 
o Uveitis: uvea and eye’s middle layer’s inflammationo 
o Ocular herpes: Viral infection affecting the eye.

● Genetic and Hereditary Eye Disorders: 
o Retinitis pigmentosa: Inherited disorder causing pro

gressive vision loss. 
o Leber congenital amaurosis: Genetic disorder leading to 

severe visual impairment from birth. 
o Congenital cataracts: Present at birth due to genetic 

factors.
● Other Eye Conditions:  

o Dry eye syndrome  
o Strabismus (misalignment of the eyes)  
o Ptosis (drooping eyelids)  
o Ocular tumours (e.g. retinoblastoma)

4. Causes and risk factors

Understanding the risk factors associated with ophthalmic 
diseases is crucial for prevention and early intervention. This 
section discusses genetic predisposition, lifestyle factors, 
systemic diseases and environmental influences that contri
bute to the development of various ocular conditions.

The causes and risk factors mentioned here are not exhaustive, 
and individual cases may have unique factors contributing to the 
development of ophthalmic diseases. It is always recommended 
to consult with an ophthalmologist or eye care professional for 

Figure 1. Classification ophthalmic diseases.
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a comprehensive evaluation and personalised risk assessment. 
The detailed explanation of common causes and risk factors asso
ciated with ophthalmic diseases is mentioned below.

4.1. Refractive errors

● Causes: Refractive errors arise when the eye shape pre
vents light from directing on the retina. Common causes 
include variations in the length of the eyeball, the corneal 
curvature or the lens’ shape.

● Risk Factors: Risk factors for refractive errors include 
genetic predisposition, hereditary of refractive errors, 
medical circumstances viz. diabetes, environmental fac
tors (such as excessive near work or prolonged screen 
time) and age-related changes in the lens.

4.2. Cataracts

● Causes: Cataracts result from the gradual breakdown and 
clouding of the natural lens inside the eyes. The main 
cause is age-related degeneration, where proteins in the 
lens become less transparent and clump together. Other 
causes include genetic factors, eye trauma, exposure to 
ultraviolet radiation, certain medications (such as corticos
teroids) and systemic conditions like diabetes.

● Risk Factors: Advancing age is the most significant risk 
factor for cataracts. Other risk factors include a family 
history of cataracts, smoking, excessive sunlight exposure, 
obesity, prolonged use of corticosteroids, certain medical 
conditions (e.g. diabetes, hypertension) and previous eye 
surgeries or injuries.

Table 1. Symptom of ophthalmic diseases.

Classification Sub Category Symptoms Detecting Methods

Refractive Errors Myopia Nearsightedness (−ve number specs): Blurry 
vision when look at long distance objects.

Visual Acuity Test, 
Retinoscopy, Refraction Test:

Hyperopia Farsightedness (+ve number specs): blurry vision 
when look at nearer object.

Astigmatism Distorted or blurry vision at any distance.
Cataracts Age-related, Congenital, Traumatic and 

Secondary cataracts
Cloudy or blurry vision. 
Sensitivity to glare, especially at night. 
Difficulty seeing in dim light. 
Fading or yellowing of colours.

Visual Acuity Test, Slit-Lamp 
Examination, Retinal Examination

Glaucoma Angle-closure, Primary open angle, Normal- 
tension and Secondary glaucoma

Increased intraocular pressure. 
Tunnel vision or peripheral vision loss gradually 
Blurred vision. 
Halos around light (Diffraction) 
Rigorous eye pain (in acute angle-closure 
glaucoma).

Tonometry, Ophthalmoscopy, 
Perimetry, OCT

Age-Related Macular 
Degeneration(AMD)

Dry AMD, Wet AMD Central vision loss or distortion 
Blurred or wavy central vision 
Difficulty recognising faces or reading

Amsler Grid Test, Fundus 
Photography, Fluorescein 
Angiography, OCT

Diabetic Retinopathy Non-proliferative and Proliferative diabetic 
retinopathy

fluctuating or blurred vision 
Empty or dark areas in the vision field. 
(scotomas) 
Floaters 
Difficulty seeing at night

Dilated Eye Examination, 
Fluorescein Angiography, OCT

Retinal Diseases Macular hole, Retinal detachment, Retinal vein 
occlusion and Retinitis pigmentosa

Sudden onset of flashes of light (photopsia) 
Floaters. 
Shadow or curtain over part of the visual field 
Rapid decrease in vision.

Fundus Photography, OCT, Ultrasound

Corneal Diseases Keratoconus, Corneal dystrophies, Corneal 
infections

Sensitivity 
Eye pain 
Blurry vision 
Red or bloodshot eyes 
Pus or discharge

Corneal Topography, Slit-Lamp 
Examination, Pachymetry

Ocular Inflammation 
and Infection

Conjunctivitis (Pink Eye) Redness and irritation of the conjunctiva. 
Watery or pus-like discharge. 
Itchy or gritty sensation. 
Swollen eyelids

Slit-Lamp Examination, 
Ophthalmoscopy, Fundus 
Fluorescein Angiography

Uveitis Eye pain 
Redness 
Blurred vision 
Photophobia 
Floaters

Other Eye Conditions Strabismus 
(Crossed Eyes)

Misalignment of the eyes. 
Double vision. 
Decreased depth perception.

comprehensive eye examination, 
cover testing, slit lamp examination

Dry Eye Syndrome Gritty or sandy feeling in the eyes. 
Redness. 
Excessive tearing (paradoxical dryness). 
Blurred vision
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4.3. Glaucoma

● Causes: The primary reason of glaucoma is by increasing 
the intraocular pressure, which results into the damages of 
the optic nerve. The exact causes change from the type to 
type of glaucoma. In the primary Open-Angle glaucoma 
disease, the drainage system of the eye becomes less effi
cient over time, leading to increased pressure. The iris 
blocks the drainage angle due to which angle-closure glau
coma occurs and results in a sudden rise in eye pressure.

● Risk Factors: It includes age factor, hereditary or family 
history, certain ethnic backgrounds (e.g. African, Asian), 
elevated intraocular pressure, thin corneas, previous eye 
injuries or surgeries, some medical circumstances viz. dia
betes, high-level blood pressure and long-term use of 
corticosteroids.

4.4. Retinal diseases

● Causes: Retinal diseases can have various causes, depend
ing on the specific condition. Some are genetic in nature, 
resulting from inherited mutations in genes responsible 
for maintaining retinal health. Age-related changes, such 
as macular degeneration, are attributed to cumulative 
damage to the retina over time. Vascular diseases affect
ing the retinal blood vessels can restrict blood flow, lead
ing to retinal ischaemia. Other causes include eye trauma 
or injury, autoimmune disorders and certain infections.

● Risk Factors: These retinal diseases involve a family history 
(hereditary), advancing age, certain genetic disorders (e.g. 
retinitis pigmentosa), systemic diseases (e.g. diabetes, 
hypertension), smoking, excessive alcohol consumption, 
prolonged exposure to sunlight and certain medications 
(such as hydroxychloroquine).

The anatomy of the human eye with highlighted retinal struc
ture is shown in Figure 2 (Thomas 2004). It contains major parts 
as cornea, iris, pupil, lens, macula, retina, optic nerve, etc. The 
brief function of these parts is mentioned below.

● Cornea: Focuses light onto the retina.
● Iris: Regulates pupil size and light entry.
● Pupil: Lets light into the eye.
● Lens: Focuses light on the retina.

● Retina: Converts light to electrical signals.
● Optic Nerve: Transmits visual information to the brain.
● Ciliary Body: Adjusts vision focus.
● Macula: Provides sharp, detailed vision.

The fundus image for normal and different ophthalmic diseases 
observed such as cataract and diseases which affect the retina 
viz. glaucoma, diabetic retinopathy-DR, AMD, macular degen
eration, retinoblastoma, high myopia and RVO are shown in the 
following Figures 2(a–i).

5. Diagnostic challenges for ophthalmic diseases 
detection

Detecting ophthalmic diseases can be challenging due to var
ious factors, including the complexity of the eye’s anatomy and 
the subtlety of some disease manifestations. Here are some 
common diagnostic challenges in ophthalmic diseases 
detection:

● Asymptomatic Early Stages: Many ophthalmic diseases, 
such as glaucoma and diabetic retinopathy, can develop 
silently in their early stages, without causing noticeable 
symptoms. This can delay diagnosis until the disease has 
progressed significantly.

● Variability in Symptoms: Some eye conditions, like dry eye 
syndrome or uveitis, can present with a wide range of 
symptoms that overlap with other common eye pro
blems. This can lead to misdiagnosis or delayed diagnosis.

● Intermittent Symptoms: Patients with intermittent eye 
conditions, such as ocular migraines or episodic diplopia, 
may not exhibit symptoms during a clinic visit, making 
diagnosis challenge.

● Subtle or Non-specific Signs: Certain eye diseases may 
exhibit subtle or non-specific signs that are easily missed 
during routine examinations. For example, early retinal 
changes in some hereditary retinal diseases may not be 
apparent without specialised testing.

● Patient Compliance: Patients may not always adhere to 
recommended eye examinations or follow-up appoint
ments, especially if they perceive their eye problems as 
minor or if they lack access to healthcare.

● Age-Related Changes: Some age-related changes in 
vision, like presbyopia (difficulty focusing on near 

Figure 2a. Anatomy of human eye and features of retina (Thomas 2004).
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objects with age), can mimic the symptoms of more 
serious eye conditions, potentially leading to 
misdiagnosis.

● Limited Access to Specialised Care: In many regions, 
access to ophthalmic specialists and advanced diagnostic 
equipment is limited, making it challenging to diagnose 
and manage complex eye diseases.

● Coexistence of Multiple Conditions: Patients may have 
multiple eye conditions simultaneously, making it difficult 
to identify the primary cause of their symptoms.

● Patient Communication: Effective communication with 
patients, especially those with language barriers or 

cognitive impairments, can be challenging, which may 
hinder the collection of accurate medical histories and 
symptom descriptions.

● Variable Disease Progression: Some eye diseases progress 
at different rates in different individuals, making it chal
lenging to predict when treatment or intervention is 
necessary.

● Rare and Unusual Conditions: Ophthalmology encom
passes a wide range of rare and unusual conditions, and 
healthcare providers may not encounter these condi
tions frequently, leading to potential diagnostic 
challenges.

(a) (b) (c)

(d)  (e) (f)  

(g) (h) (i)  

Figure 2b. a: Normal colour fundus image (Poonguzhali et al. 2018) (Elangovan and Kumar Nath 2019). b: symptoms of DR, Glaucoma (Poonguzhali et al. 2018).  
c: diabetic retinopathy. d: retinoblastoma. e: cataract. f: AMD. g: high myopia (Zhu et al. 2022). h: RVO (Zhu et al. 2022). i: macular degeneration (Zhu et al. 2022).
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● Age-Related Eye Changes: Differentiating between age- 
related eye changes and pathological conditions can be 
tricky, particularly in older individuals.

● Diagnostic Equipment and Imaging Variability: The quality 
and availability of diagnostic equipment such as OCT or 
imaging devices can vary, affecting the accuracy of diag
nosis in different settings.

To overcome these challenges, healthcare providers must stay 
updated on the latest diagnostic techniques, encourage regular 
eye examinations and consider referral to specialised eye care 
professionals when necessary. Additionally, advances in tele
medicine and artificial intelligence may help improve the early 
detection of ophthalmic diseases, even in underserved or 
remote areas.

6. Techniques and image types

Detecting diabetic retinopathy (DR), AMD, Glaucoma, Cataract 
and Retinoblastoma have evolved significantly from 2008 to 
2023, with advancements in technology and diagnostic meth
ods. Here are some methods used for DR detection during this 
period:

● Fundus Photography: Fundus photography has been 
a cornerstone of DR and AMD detection. High-resolution 
images of the retina, macula and surrounding retina are 
captured using specialised cameras. Over the years, the qual
ity and resolution of these images have improved, enabling 
better visualisation of microaneurysms, haemorrhages, and 
other DR-related changes as well as of drusen, pigment 
changes and macular atrophy (Salz and Witkin 2015).

● Optical Coherence Tomography (OCT): OCT technology 
has become an increasingly vital and standard tool for 
both AMD and DR diagnosis. It provides cross-sectional 
images of retinal layers, allowing for the detection of the 
macular oedema, changes in retinal thickness and the 
assessment of retinal microstructure. SD-OCT (SD- 

Spectral domains) and SS-OCT (SS-swept source) have 
improved image resolution and speed (Saeed and 
Oleszczuk 2016).

● Fluorescein and Indocyanine Green Angiography: 
Though not as common as some other methods, fluores
cein angiography has still been used during this period. It 
includes injecting a contrast dye into a patient’s blood
stream and collecting captured images as the dye flows 
through the retinal blood vessels. This method helps in 
identifying vascular abnormalities (blood vessel growth 
and leakage) and classify AMD subtypes, such as neovas
cular (wet) AMD (Gajree et al. 2016).

● Slit-Lamp Examination: Ophthalmologists use a slit lamp 
to examine the eye’s anterior segment, including the lens. 
Cataracts can be observed directly during this examination.

● Automated Image Analysis: Advances in artificial intelli
gence, deep learning and machine learning have led to 
automated fundus or other image analysis systems. These 
systems can detect and grade DR features like microa
neurysms, haemorrhages, and exudates from fundus 
images. They have significantly improved the efficiency 
of DR screening programmes. Various image modalities 
used to detect and analyse the ophthalmic diseases 
shown in Figure 3.

● Recent Advancement: Performing a thorough survey in 
the field of ophthalmic diseases would involve an exten
sive review of scientific publications, research articles, 
review papers and medical experimental studies related 
to various ophthalmic conditions. Here, we provide a brief 
overview of some key topics and recent advancements in 
ophthalmic disease research.
o Diabetic Retinopathy (DR): DR is a significant cause of 

visual damage and loss of sight in individuals with 
diabetes. Recent research has focused on early detec
tion and novel treatment strategies. Studies have 
explored the use of artificial intelligence (AI), deep 
learning (DL) and machine learning (ML) algorithms 

Figure 3. Images used in diagnosing ophthalmic disease (Dimple Nagpal et al. 2022).
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for automated screening and grading of DR.
o   Age-related Macular Degeneration (AMD): This is 

a foremost cause of partial or complete vision loss in 
adults. Research in this area has focused on understand
ing the pathogenesis of AMD, developing effective 
diagnostic techniques and identifying novel treatment 
modalities. Anti-VEGF therapy has changed the neovas
cular age-related macular degeneration (AMD) manage
ment, while emerging therapies like gene therapy and 
stem cell-based approaches are being investigated for 
their potential in treating both dry and wet AMD.

o Glaucoma: It is characterised by optic nerve impairment 
and progressive visual field loss. Recent research has 
focused on improving early detection and monitoring 
techniques. Advancements in imaging technologies, 
such as OCT and adaptive optics, have enabled more 
precise evaluation of the optic nerve and retinal struc
tures. In addition, studies are investigating novel surgical 
techniques, minimally invasive therapies and neuropro
tective agents to preserve optic nerve function and pre
vent further vision loss.

o Cataracts: Cataract surgical treatment is one of the most 
common procedures worldwide. Research in this area has 
focused on improving surgical techniques, optimising 
intraocular lens design and enhancing refractive out
comes. The development of advanced technology intrao
cular lenses (multifocal, extended depth of focus) aims to 
reduce dependence on glasses after surgery. Additionally, 
research is exploring pharmacological approaches to 
delay or prevent cataract formation.

o Dry Eye Disease: It is a multifactorial disorder charac
terised by insufficient tear production or poor tear qual
ity. Recent studies have investigated the underlying 
mechanisms, including inflammation, neurosensory 
abnormalities and tear film instability. New treatments 
targeting specific pathways, such as anti-inflammatory 
agents, tear stimulation therapies and novel lubricants, 
offer potential for better management of dry eye disease.

o Retinal Detachment: Retinal detachment requires prompt 
diagnosis and surgical intervention to prevent permanent 
vision loss. Research efforts have focused on refining 
surgical techniques, including the use of small-gauge 
vitrectomy systems and advanced intraoperative imaging. 
Furthermore, studies are investigating adjunctive thera
pies such as pharmacological agents, retinal regeneration 
approaches and retinal prosthetics for enhancing visual 
outcomes after retinal detachment repair.

o It’s important to note that the field of ophthalmic diseases 
is vast, and ongoing research continues to advance our 
understanding and treatment options for various condi
tions. Conducting a comprehensive literature survey 
would involve searching academic databases, consulting 
relevant journals and reviewing recent conference pro
ceedings to gather an all-inclusive overview of the most 
recent research and advancements in the field.

The numerous researchers work from 2008 to 2023 on var
ious ophthalmic diseases to detect and provide grading viz. no 

disease, mild, moderate, severe. Table 2 discusses disease-wise 
methods and dataset used by several researchers. Standard 
publically available datasets are considered by the various 
researchers for testing. Table 3 shows the analysis of datasets 
referred by the various researchers.

Recently, researchers widely used the machine and deep 
learning techniques to address the solution to detect and classify 
the ophthalmic diseases. Here, the techniques used by the var
ious researchers are stated in the timeline charts. The timeline 
chart for Age-related Macular Degeneration (AMD), Diabetic 
Retinopathy (DR) and Glaucoma and Retinoblastoma are men
tioned in Figures 4, 5 and 6 respectively. Table 4 comprises 
overview of innovative methods for detection of DR, AMD, 
Glaucoma and Cataract with its concluding remark and scope 
of improvement. The most of techniques used by the researchers 
do not provide single automated system for multiple ophthalmic 
diseases for severity grading and classification at early stage.

Table 5 involves analysis of performance metrics used by the 
various researchers in different diseases such as DR, AMD, 
Glaucoma and Retinal diseases with its concluding remark 
and scope of improvement. The most of researchers measured 
the performance of their innovative methods with respective to 
sensitivity, specificity and accuracy in various diseases.

7. Proposed system

This research proposes a novel system for the detection of multi
ple ophthalmic diseases and classifies its severity grades from 
fundus images at early stage so that the patients can recover fast 
and will protect their eyes from blindness and vision loss.

Our contribution for the proposed system is mentioned below.

● Preprocessing: Remove the noise (Gharaibeh et al. 2023) 
and enhance the image using CLAHE

● Apply the segmentation techniques (Thresholding and 
edge-based segmentation) to locate the features or ROI.

● Extract and select the features from fundus images
● Create the labelled dataset from the extracted feature
● Use selected features as input and apply Hybrid deep 

learning method to classify multiple ophthalmic diseases 
and its severity grade.

● Test and validate the proposed system with Standard 
Datasets which are publically available.

The Figure 7 shows the proposed system architecture. Here, we 
have brief the proposed system but our next study will focus on 
methods and algorithms used in proposed system in detail.

8. Discussion

This study discusses the various aspects related to diseases, data
sets and techniques used by various researchers. As per Table 2, it 
has been observed that 57% researchers considered the diabetic 
retinopathy, 20% AMD, 5% cataract, 16% glaucoma and 2% reti
noblastoma and retinal diseases for their studies and research.

Similarly, the researchers used various publicly available and 
private dataset to test and validate the system to detect ophthal
mic diseases and grade them accordingly. As per Table 3, this 
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Figure 6. Timeline chart for glaucoma and retinoblastoma.

Figure 4. Time line chart for age-related macular degeneration (AMD).

Figure 5. Timeline chart for diabetic retinopathy (DR).
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Table 5. Analysis of parameter metrics considered by researchers.

Parameter 
Metrics

Disease wise Reported In

DR AMD Glaucoma
Retinal 

Diseases

Sensitivity (Abràmoff et al. 2008), (Abràmoff et al. 2013), 
(Mohammad Alipour et al. 2012), (Esmaeili et al.  
2014), (Imani et al. 2015), (Solanki et al. 2015), 
(Rahim et al. 2016), (Gulshan et al. 2016), (Pratt 
et al. 2016), (Gargeya and Leng 2017), (Sil Kar 
and Maity 2017), (Muhammad Saiful Islam and 
Abdullah 2018), (Leeza and Farooq 2019), (Li 
et al. 2018), (Dorizzi et al. 2020), (Sakshi Gunde 
and Gupta 2020), (Zhang et al. 2022), (Abdel 
Maksoud et al. 2022), (Suman et al. 2023), 
(Kumar Kar et al. 2019), (Al-Hazaimeh et al.  
2022), (Gharaibeh et al. 2018), (Gharaibeh et al.  
2021)

(Abràmoff et al. 2008), 
(Abràmoff et al. 2013), 
(SinaFarsiu et al. 2014), 
(Keel et al. 2019)

(Madhusudhan et al. 2011) (Elangovan and 
Malaya 2020), (Kar et al. 2023), (Kar et al.  
2021; Prajna and Nath 2022)

(Ravichandran 
et al. 2019)

Specificity (Abràmoff et al. 2008), (Abràmoff et al. 2013), 
(Mohammad Alipour et al. 2012), (Esmaeili et al.  
2014), (Imani et al. 2015), (Solanki et al. 2015), 
(Rahim et al. 2016), (Gulshan et al. 2016), 
(Gargeya and Leng 2017), (Sil Kar and Maity  
2017), (Muhammad Saiful Islam and Abdullah  
2018), (Leeza and Farooq 2019), (Li et al. 2018), 
(Sakshi Gunde and Gupta 2020), (Zhang et al.  
2022), (Abdel Maksoud et al. 2022), (Suman et al.  
2023), (Kumar Kar et al. 2019), (Al-Hazaimeh 
et al. 2022), (Gharaibeh et al. 2018), (Gharaibeh 
et al. 2021)

(Abràmoff et al. 2008), 
(Abràmoff et al. 2013), 
(SinaFarsiu et al. 2017), 
(Keel et al. 2019)

(Madhusudhan et al. 2011) (Elangovan and 
Malaya 2020), (Prajna and Nath 2022)

(Ravichandran 
et al. 2019)

Accuracy (Rahim et al. 2016), (Pratt et al. 2016), (Sil Kar and 
Maity 2017), (Leeza and Farooq 2019), (Li et al.  
2018), (Shanthi and Sabeenian 2019), (Gao et al.  
2019), (Zhang et al. 2022), (Abdel Maksoud et al.  
2022), (Suman et al. 2023), (Kumar Kar et al.  
2019), (Al-Hazaimeh et al. 2022), (Gharaibeh 
et al. 2018), (Gharaibeh et al. 2021)

(Keel et al. 2019), (Hong 
et al. 2021)

(Kumar Nath and Dandapat 2012) 
(Elangovan and Malaya 2020), 
(Elangovan and Kumar Nath 2022), (Kar 
et al. 2023), (Prajna and Nath 2022)

(Ravichandran 
et al. 2019)

AUC (Dhara et al. 2015), (Muhammad Saiful Islam and 
Abdullah 2018), (Al-Hazaimeh et al. 2022)

(SinaFarsiu et al. 2014), 
(Bogunovic et al. 2017), 
(Bogunovic et al. 2017), 
(Hong et al. 2021)

HEM ROC value (Seoud et al. 2016), (Dorizzi et al. 2020)
Kappa (Long Zeng et al. 2019)
2/3/4-ary 

classification
(Lam et al. 2018), (Qummar et al. 2019)

Misclassification 
error

(Rahim et al. 2016)

Severity 
Prediction

(Wang et al. 2019)

Overall mean 
Dice 
coefficient

(Chiu et al. 2015)

Mean central 
macular 
thickness

(Deng et al. 2016)

Segmentations (Deng et al. 2016)
Thickness 

difference
(Chiu et al. 2015)

API (Kumar Nath and Dandapat 2013)
Common Test 

Values
(Kumar Nath and Dandapat 2013)

Equal Error Rate (Kumar Kar et al. 2019) (Ravichandran 
et al. 2019)

Conformity 
coefficient

(Ravichandran 
et al. 2019)

Sensibility (Kumar Kar et al. 2019) (Prajna and Nath 2022) (Ravichandran 
et al. 2019)

Jaccord’s 
Coefficient

(Prajna and Nath 2022) (Ravichandran 
et al. 2019)

F1 Score (Kar et al. 2023) (Ravichandran 
et al. 2019)

Precision (Elangovan and Malaya 2020), (Kar et al.  
2023)

Intersection of 
Union

(Kar et al. 2023)

Dice coefficient (Prajna and Nath 2022) (Ravichandran 
et al. 2019)

14 S. S. SHINDE AND S. A. BHAVSAR



Figure 7. Proposed system architecture.

Figure 8. Analysis of diseases considered by researchers.

Figure 9. Analysis of techniques used by researchers.

Figure 10. Analysis of datasets used by researchers in DR.

Figure 11. Analysis of datasets used by researchers in AMD.
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review stated that researchers used standard datasets mostly 
DIARETDB, AREDS, EyePACS, Kaggle, Messidor and Other & 
local/private dataset 14%, 7%, 7%, 21%, 28% and 28%, respec
tively. From the analysis, it has been observed that most of 
researchers used CNN techniques (24%). Graphical representa
tion of this study is shown in Figures 8–15.

As this paper discussed some selective and innovative meth
ods to detect the ophthalmic diseases with their scope for the 
improvement, some challenges need to be addressed. First 
challenge is that disease is to detect at early stage. Second 
task is that to develop a single system together to address 
various ophthalmic diseases at early stage diagnosis. Lastly, 
the other eye disease viz. retinopathy of prematurity, thyroid 

eye disease, etc. can be considered for the future research work 
due to less consideration for the study.

9. Summary

This review paper provides a comprehensive and up-to-date over
view of ophthalmic diseases, encompassing their epidemiology, 
risk factors, diagnostic challenges and innovative solutions. By 
addressing these insights, challenges and innovations, we can 
advance our efforts to cut the global encumbrance of ophthalmic 
diseases and enhance the quality of life for affected individuals. 
Moreover, this study found that 28% of researchers utilised the 
publicly available Messidor dataset and 24% employed CNN tech
niques to address ophthalmic diseases, with 57% focusing on 
diabetic retinopathy. Despite the existence of effective methods, 
there is still scope for improvement in systems for detecting multi
ple ophthalmic diseases. So to overcome the limitation of existing 
system, our proposed system aims to enhance detection and 

Figure 12. Analysis of datasets used by researchers in glaucoma and 
retinoblastoma.

Figure 14. Analysis of datasets used by researchers (%) in various ophthalmic diseases.

Figure 13. Analysis of performance metrics considered by researchers.
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classification of various ophthalmic diseases and their severity 
grades within a single framework.
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