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Abstract

This study addresses the widespread blindness issue due to late diagnosis and treatment of ophthalmic diseases by proposing an auto-
mated diagnostic framework based on retinal fundus images. The system utilizes transfer learning with pre-trained deep convolutional
neural networks (CNNG) to differentiate between healthy and pathological retinal fundus images (cataract, diabetic retinopathy, glau-
coma) efficiently. We propose a clear four-class baseline performance for cataracts, diabetic retinopathy (DR), glaucoma, and normal
instances on top of the ODIR dataset. CLAHE preprocessing with a contrast constraint, along with morphological filtering using
a light approach, was employed for preprocessing. We employed a strict 70/10/20 split for training/validation/testing purposes with
fixed seed values for reproducibility Model selection was conducted exclusively by means of validated metrics, with no utilization of
test data. Various state-of-the-art CNN models—ResNet50, InceptionV3, GoogleNet, and MobileNet—were fine-tuned and com-
pared regarding feature reduction and ensemble techniques. Experimental results validate that customized models achieve remarkable
accuracy rates of 99.25%, 99.1%, 95.5%, and 94.7%, respectively. Among the models investigated, ResNet50 yielded the highest
performance on the test data. Performance on the training/validation dataset can be examined through multiple runs, providing mean
+ standard deviation summarizations: Accuracy 99.94 + 0.57%, Balanced Accuracy 99.69 = 0.59%, Macro-F1 99.71 + 0.59%, Macro
ROC-AUC 0.989 = 0.001, and Macro PR-AP 0.965 = 0.002. Class-wise performance is captured through per-class ROC and PR
curve plots with 95% bootstrap confidence bands on held-out test data, accompanied by Grad-CAM attention highlighting relevant
regions, which are indicative of clinical relevance. The findings demonstrate the clinical applicability of superior fundus image-based
automated screening as a dependable method for the early identification and control of numerous ophthalmic conditions

Keywords: CNN, GoogLeNet, Grad-CAM, InceptionV3, MobileNet, Ocular, ResNet50, Retinal fundus, Transfer learning.

Oz

Bu ¢aligma, retina fundus goriintilerine dayali otomatik bir tani ¢ergevesi onererek, oftalmik hastaliklarin gec teshisi ve tedavisi
nedeniyle olusan yaygin korlik sorununu ele almaktadir. Sistem, saglikli ve patolojik retina fundus gérinttleri (katarakt, diyabetik
retinopati, glokom) arasinda etkili bir sekilde ayrim yapmak i¢in dnceden egitilmis derin evrigimli sinir aglart (CNN’ler) ile transfer
égrenmesini kullanir. ODIR veri kiimesinin tstiinde katarakt, diyabetik retinopati (DR), glokom ve normal durumlar i¢in net bir dért
siuf temel performansi éneriyoruz. On isleme icin, 151k yaklagimi kullanilarak morfolojik filtreleme ile birlikte kontrast kisitlamali
CLAHE 6n igleme kullanildi. Tekrarlanabilirlik i¢in sabit tohum degerleri ile egitim/dogrulama/test amaglari i¢in kat: bir 70/10/20
bolinmesi kullandik. Model se¢imi, test verileri kullanilmadan, yalnizeca dogrulanmig metrikler vasitasiyla gerceklestirildi. ResNet50,
InceptionV3, GoogleNet ve MobileNet gibi ¢esitli son teknoloji CNN modelleri, 6zellik azaltma ve topluluk teknikleri agisindan ince
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ayar yapilarak kargilagtirildi. Deneysel sonuglar, 6zellestirilmis modellerin sirastyla %99.25, %99.1, %95,. ve %94.7 gibi dikkate deger
dogruluk oranlarina ulastigini dogrulamaktadir. Incelenen modeller arasinda test verileri tizerinde ResNet50 modeli en yiiksek perfor-
mans1 gostermistir. Egitim/dogrulama veri kiimesindeki performans, ortalama * standart sapma 6zetleri saglayan birden fazla ¢aligma
ile incelenebilir: Dogruluk %99.94 = 0.57, Dengeli Dogruluk %99.69 + 0.59, Makro-F1 %99.71 + 0.59, Makro ROC-AUC 0.989
+0.001 ve Makro PR-AP 0.965 + 0.002. Sinif bazinda performans, tutulan test verileri Gizerinde %95 ényiikleme giiven araliklarina
sahip sinif bazinda ROC ve PR egrisi ¢izimleri ile elde edilir ve bunlara klinik 6nemi gésteren ilgili bolgeleri vurgulayan Grad-CAM
dikkati eslik eder. Bulgular, tstiin fundus gortintl tabanli otomatik taramanin ¢ok sayida oftalmik rahatsizligin erken teshisi ve kont-
rolii i¢in giivenilir bir yontem olarak klinik uygulanabilirligini gostermektedir.

Anahtar Kelimeler: CNN, GoogLeNet, Grad-CAM, InceptionV3, MobileNet, Ocular, ResNet50, Retinal fundus, Transfer

ogrenme.

1. Introduction

Vision impairment and blindness are serious global health-
care problems, with a vast patient base due to delay in di-
agnosis and subsequent failure to treat ocular disorders on
time (Qi et al. 2025). It is essential to screen early to prevent
late-stage permanent blindness, especially for disorders such
as diabetic retinopathy, cataracts, and glaucoma, which have
subtle symptoms in early stages and are often missed during
conventional screenings (Abazaga & Fechtner, 2023).
Proven imaging technologies such as color fundus photog-
raphy (CFP), OCT (optical coherence tomography), and
others provide exquisite visualization of retinal morphology
but cannot be interrogated by all hospitals due to expertise
required for these technologies (Ramakrishnan et al., 2024).

Examples include fundus photographs, which have been
adopted due to their non-invasive and cost-eftective nature
for retinal imaging. Nevertheless, its general clinical appli-
cations remain affected by limited access to skilled ophthal-
mologists, particularly in underprivileged locations (Ahn
& Kim, 2024). Therefore, automated diagnostic tools have
become increasingly critical to complement screening ini-
tiatives, minimize clinical workload, and improve diagnostic

precision (Jeong et al., 2025).

Recent advances in deep learning, especially convolutional
neural networks (CNNs), have achieved successful results
in ophthalmic disease detection (Dash et al., 2024). Trans-
ter learning with pre-trained CNN architecture has enabled
significant performance gains, especially when large, an-
notated datasets are unavailable (Gholizade et al., 2025).
Numerous studies have validated the utility of CNN-based
systems in classifying specific retinal pathologies, yet many
remain restricted to single-disease classification or rely on
limited preprocessing techniques (Ernest et al., 2024).

Previous research on this topic has shown that deep learning
is applicable for automatic disease classification of eyes. Ac-
cording to Ejaz et al. (2025) proposed the use of a convolu-
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tional neural network (CNN)-based method for classifying
fundus images with the help of two different architectures’
feature concatenation. Their ensemble-based approach ex-
ploiting the complementary power of separate CNNs pro-
vided better diagnostic performance relative to individual
models. Jiang et al. (2021) proposed multi-branch convo-
lutional networks that obtained 98.78% for spatial input
features. Shamsan et al. (2023) achieved 99.23% AUC and
98.5% accuracy based on mobile and dense feature aggrega-
tion. These initial works, based primarily on data sets such
as Messidor (Decenciere et al., 2014) and ODIR (Kaggle,
2023), constitute a base for today’s highly accurate models.

Most studies of fundus images address only a single disease.
In contrast, we provide a transparent four-class screening
baseline on ODIR with a 70/10/20 stratified split, sin-
gle-pass evaluation on the held-out test, and per-class
ROC/PR curves with 95% bootstrap Cls. We also quantify
robustness via mean * SD across repeated train/validation
runs (not on the test set) and implement a pre-specified
Grad-CAM protocol with uniform scaling to support clin-
ical interpretability. These collectively position the model
as a reproducible, screening-oriented baseline suitable for
extension to multi-center/device validation.

2. Methodology

The introduced methodology uses a deep learning approach
based on transfer learning to automate ocular disease clas-
sification from retinal fundus images. The framework, as
shown in Figure 1, is structured into a workflow of five main

phases:

1. Input Acquisition: Color Fundus Images (CFPs) are col-
lected from the ODIR dataset (Kaggle 2023), encom-
passing four target classes: cataract, diabetic retinopathy,
glaucoma, and normal (healthy).

2. Preprocessing: The images are improved using adaptive
histogram equalization and morphological transforma-
tions to enhance structure visibility and contrast.
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3. Data Augmentation: To diversify datasets as much as
possible and minimize overfitting, several augmentation
methodologies are invoked involving rotation, flipping,
zooming, and injection of noise.

4. Model Deployment: Four fine-tuned pre-trained CNN
models—ResNet50, InceptionV3, GoogLeNet, and
MobileNet—are utilized to extract discriminative infor-
mation.

5. Classification: The last predictions consist of SoftMax-
activated dense layers that generate multi-class probabil-
ities for a given input image.

2.1. Dataset, Preprocessing and Augmentation

'The 4217 CFP images in the ODIR collection were sourced
from various locations, including Ocular Recognition, the
Indian Diabetic Retinopathy Image Collection (IDRiD),
and High-Resolution Fundus (HRF). The collection con-
tains over a thousand additional images of cataracts com-
pared to diabetic retinopathy. The healthy eyes category
contains 1074 images, whereas the glaucoma category con-
tains 1007 images. Figure 1 exhibits many sample CFP im-
ages obtained from the ophthalmic dataset (Kaggle, 2023).

We chose to study the four-class fundus problem of cata-
ract, DR, Glaucoma, and Normal scans. The data was split
using a strict stratified split, with train, validation, and test
set proportions of 70%, 10%, and 20%, respectively. All ran-
dom functions, including shuffling, sampling, and initial-
ization, used fixed seeds to ensure the study’s repeatability.
The selection of models was performed only on the valida-
tion split, with the test split remaining unseen until the final
evaluation.

Effective preprocessing is essential for fundus images due
to the effects caused by noises, low contrast, and uneven
illumination. This work proposes a model that makes use
of two prominent pre-processing approaches to deal with
these issues: histogram equalization with adaptive control
and morphological processing.

Each image is then processed with adaptive histogram
equalization (AHE) to enhance local contrast in such a
way that small micro-pathologic features such as microan-
eurysms, exudates, and borders of the optic disc stand out
(Hirtinger & Steger, 2024). Unlike global histogram equal-
ization, this process varies the contrast on a small part of the
image to enhance features that would otherwise be hard to
see in images related to diabetic retinopathy and glaucoma.

Next, morphological operations such as dilation, erosion,
opening, and closing are used for improving vascular and le-
sion structures. All these operations aim to keep the spatial
integrity and magnify the contours of the retina. An exam-
ple illustrating the process of improvement is shown in Fig-
ure 2 below, which depicts the improvement in visualization
of contrast and clarity.

In parallel, data augmentation techniques are applied to
increase the variability and volume of training data, thus
reducing overfitting and improving model generalization.
'The augmentation pipeline includes random horizontal and
vertical flipping, rotation (+15 degrees), scaling, Gaussian
noise injection, and zoom transformations (Wang et al,,
2024). These operations are applied probabilistically during
training to ensure a diverse and robust input distribution.
All preprocessed and augmented images are resized to a
standard input dimension (e.g., 224x224) to ensure com-
patibility with the CNN architectures.

Layers added befolre the output layer
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Figure 1. Schematic overview of the proposed deep learning pipeline for multi-disease classification in retinal fundus images.
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Raw image (Disease) Enhanced image (Disease)

Enhanced image (Normal)

Raw image (Normal)

Figure 2. Visual comparison of original versus enhanced
fundus images after applying adaptive histogram equalization
and morphological preprocessing.

2.2. Model Architecture and Transfer Learning

This work uses a transfer learning strategy with four state-
of-the-art CNN architectures: ResNet50, InceptionV3,
GoogLeNet, and MobileNet. The CNNs are initial-
ized with ImageNet-pre-trained weights and fine-tuned
for multi-class ocular disease classification. The choice of
fine-tuning was driven by the domain gap between natural
images and retinal fundus images. The modified models are
trained using the stochastic gradient descent with momen-
tum optimizer, with the best single performance obtained
using the fine-tuned ResNet50 architecture.

2.3. Training Strategy and Hyperparameters

Supervised learning was adopted for training purposes, in
which the fundus images that were preprocessed and aug-
mented were combined with their respective diagnostic la-
bels for four classes. All of the models were created with
MATLAB’s Deep Learning Toolbox and trained on a com-
puter that equipped with a High-Performance GPU for fast
convergence. To ensure reproducibility, we fixed all random
seeds for operations like data shuffling, augmentation sam-
pling, and weight initialization, and logged the complete
configuration along with model checkpoints.

Karaelmas Fen Miih. Derg., 2026; 16(1):38-48

2.3.1. Protocol and Model Selection

'The dataset was split using a strict split strategy, with 70%
allocated for training, 10% for validation, and 20% for test-
ing. The hyperparameters for tuning and the stopping crite-
ria for the model’s training process relied solely on the met-
rics of the validation set. The test dataset was left unchanged
until it was used for evaluation.

We selected the best model checkpoint based on the highest
score on the macro F1 measure on the validation data, en-
suring a balanced sensitivity for all classes. We repeated the
experiments on 5 stratified folds/runs, using only the train-
ing and validation datasets. The summary statistics for all
experiments are reported in mean and standard deviation.
The test data is evaluated only once.

2.3.2. Optimizer

We used Stochastic Gradient Descent with Momentum
(SGDM) to optimize model weights because it is known
for robust fine-tuning performance on mid-sized datasets
for medical imaging. The loss function used is categorical
cross-entropy, which is defined over four categories. We
employed a weighted categorical cross-entropy loss function
with slight oversampling on the minority categories. Resa-
mpling is not done on test datasets because it is not part of
best practices.

2.3.3. Hyperparameters

Unless specified, all these parameters for the best model
(ResNet50) will be used on all other backbone models:

* Initial learning rate: 0.001

* Learning rate schedule: Step decay by a factor of 0.1 if
validation loss plateaus, with a minimum learning rate of
le-6

*  Momentum / weight decay: 0.9 / le-4

*  Mini batch size: 64 (reduced to 32 if memory is a con-
cern on GPUgs).

*  Epochs: At most 100, with early stopping if there is no
improvement on validation loss for 10 epochs.

*  Model selection: Due to highest validation Macro-F1.

*  Data shuffling: Done every epoch to prevent ordered-in-
put bias.

*  Mixed precision: Allowed (if available on the GPU) to

speed up training without sacrificing validation accuracy.
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2.3.4. Regularization and Augmentation Policy

To improve generalization, we applied a two-pronged strat-
egy:

(i) The class-weighted loss and oversampling approach as
noted above, and

(i) A conservative augmentation pipeline applied only to
training images, including random rotations, horizontal
flips, and mild variations in zoom, brightness, and contrast.
No augmentations or test-time tricks were applied to vali-
dation or test images to maintain a clean hold-out protocol.

We applied class-weighted cross-entropy and mild over-
sampling of minority classes during training only; no resa-
mpling or TTA was applied on validation or test.

2.3.5. Monitoring and Convergence

Training and validation loss and accuracy were tracked at
each epoch. Across runs, the training curves demonstrated
stable convergence with no significant divergence between
training and validation—validating the use of early stopping
and the effectiveness of our regularization strategies. The fi-
nal checkpoints selected from each run were later used to
generate per-class ROC and PR curves, along with confi-
dence intervals on the held-out test set, as required by re-
viewers.

2.4. Evaluation Metrics

The main metrics are Accuracy, Macro-F1, and Mac-
ro-AUC. We also provide per-class ROC and PR curves on
the test set, along with 95% bootstrap confidence intervals
based on predicted probabilities (Johnson & Khoshgoftaar,
2020). Unless otherwise specified, all summary statistics are
aggregated over 5 runs on the training/validation splits only.
The test set is evaluated just once, using the best-performing
checkpoint on the validation set, to maintain the integrity
of the hold-out protocol. While binary class-specific scores
can be reported—defined explicitly as One-vs-Rest (OvR)
tasks per class—we encourage the use of per-class Preci-
sion (Cabot & Ross, 2023), Recall (Tatbul et al., 2018), F1
(Diallo et al., 2025), Specificity, and Balanced Accuracy in-
stead (Miller, 1975). These provide a more comprehensive
assessment than relying on binary accuracy alone, and all are
computed using test set predictions.

2.5. Explainability

We created Grad-CAM maps from the final convolutional
block of the top-performing model (ResNet50). For each

disease category, we selected representative examples of
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both correct and incorrect predictions—specifically, the
top-k most confident correct cases and the highest-confi-
dence errors among the misclassified ones. Selection criteria
were pre-defined and applied consistently to prevent any

post-hoc cherry-picking.

The heatmaps were overlaid on the original images using
uniform color scaling across all samples. Two clinicians
independently reviewed a subset of these maps to confirm
that the highlighted regions correspond to disease-relevant
anatomical features, such as the optic disc/cup for glaucoma
and microaneurysms or exudates for diabetic retinopathy.

3. Results and Discussion
3.1. Overall Test Performance

We deal with a four-class classification problem in this
competition involving the ODIR dataset (cataract, diabet-
ic retinopathies, glaucoma, normal). All images have been
pre-processed and augmented as mentioned in section 2.
We have conducted model training/validation on a strati-
fied split with fixed seeds, without any access to test data.

ResNet50 showed the best performance on all metrics on
the test data: Accuracy = 99.25%, AUC = 0.9991, F1 Score
= 99.89%, Precision = 99.80%, Recall = 100% (Table 1).
The performances of other pre-trained models are shown
for completeness. They are all unchanged.

Out of all investigated CNN architectures, it was observed
that ResNet50 outperformed all other networks with an av-
erage accuracy of 99.25%, an AUC value of 0.9991, and a
recall of 100%. InceptionV3 also demonstrated satisfactory
performance with an accuracy of 99.1% along with 100%
precision and recall rates mostly in cataract and diabetic ret-
inopathy.

We provide a qualitative comparison of all four models on
all performance measures in Figure 3. Although GoogLeN-
et and MobileNet produced comparable results, there was
a slight reduction in F1-score and recall for some classes
notably glaucoma and normal.

Confusion matrices for all models were created to get a
clearer insight into class-structured behavior. Figures 3 and
4 show classification results for each structure. ResNet50
achieved flawless cataract and diabetic retinopathy classifi-
cation with minor misclassifications for glaucoma (98.7%)
and normal (99.3%) classes. On the other hand, GoogLeN-
et and MobileNet demonstrated more variability with sig-
nificant drops in normal class identification.

Karaelmas Fen Miih. Derg., 2026; 16(1):38-48
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Table 1. Performance evaluation of the proposed CNN models on the test set using AUC, accuracy, F1 score, precision, and
recall.

Tools Accuracy AUC F1 Score Precision Recall
ResNet50 99.25 0.9991 99.89 99.80 100
Inceptionv3 99.1 0.996 100 100 100
GoogLeNet 95.3 0.992 92.2 95.2 89.4
MobileNet 94.7 0.994 92.4 93.4 91.5
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3.2. Class-Wise Behavior

Table 2 summarizes the classification accuracy of each mod-
el for individual disease classes. ResNet50 and InceptionV3
gave the best results in all categories.

3.3. Discrimination and Learning Dynamics (ResNet50)

Per-class ROC plots with 95% confidence bounds on test
performance are presented in Figure 5, with PR-curve plots

given in Figure 6. All classes demonstrate high separability
with a significant gap between glaucoma and other classes,
although it is now smallest for glaucoma but remains in ac-
ceptable clinical limits.

3.4. Robustness Summary (ResNet50)

During multiple runs for training/validation, ResNet50
showed consistent macro metrics: Accuracy 99.94% + 0.57,

Balanced Accuracy 99.69% =+ 0.59, Macro-F1 99.71% =

Table 2. Class-wise performance comparison (cataract, diabetic retinopathy, glaucoma, and normal) for each CNN model,

based on classification accuracy.

Techniques Cataract Diabetic retinopathy Glaucoma Normal
ResNet50 99% 100% 98.7% 99.3%
Inception V3 100% 100% 97.7% 98.7%
GoogLeNet 93.8% 100% 97.2% 90.6%
MobileNet 89.6% 100% 100% 90.6%
1 =
0.9
0.8
0.7
E cataract (AUC=0.994)
= 0.6 diabetic,etinopathy (AUC=1.000)
: glaucoma (AUC=0.985)
normal (AUC=0.987)
0.5
0.4
Figure 5. ResNet50: Per-class
) ! L ' L L ' | ROC-curves on test data, shaded
0 0.1 0.2 0.3 0.4 0.8 0.9 1 . o
FPR regions represent 95% bootstrapped
confidence intervals.
1 L +
09
08|
=
-2 cataract (AP=0.980)
S 0.7 diabetic,etinopathy (AP=0.993)
14 glaucoma (AP=0.954)
CE normal (AP=0.952)
0.6 - |
.
04
0.2 ! ! ! ! ! ' | Figure 6. ResNet50: Per-class PR
© o4 0s 06 Recall o7 08 09 ! curves on held-out test set; shaded
bands: 95% bootstrap Cls.
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0.59, Macro Precision 99.75% + 0.59, Macro Recall 99.69%
+ 0.59, Macro ROC-AUC 0.989 + 0.001, Macro PR-AP
0.965 = 0.002. These metrics are a measure of variation
across multiple runs for training/validation, while the held-
out test set is evaluated once using the validation-selected
checkpoint to preserve a clean hold-out protocol. Unless
noted otherwise, mean * SD summaries are computed
across repeated runs on the training/validation portion
only; the held-out test set is evaluated once using the vali-
dation-selected checkpoint.

3.5. Qualitative Explainability (ResNet50)
The Grad-CAM visualization highlights important struc-

tures for each disease, such as retinal disc/cup for Glauco-
ma and microaneurysms and exudates for DR. Grad-CAM
visualization for correct and incorrect test samples for each
class is shown in Figure 7, using a fixed color scale with a
pre-defined selection policy.

3.6. Positioning in Current Literature

Table 3 places current work in the framework of recent
multi-disease fundus analyses involving collections ranging
from ODIR, RFMiD, Kaggle fundus images, through to
ultra-widefield datasets. Notably, current proposed bench-
marking permeates the highest reported accuracy levels on
datasets such as ODIR but is mindful of clear communica-
tion (strict split, class-by-class evaluation on ROC/PR with
ClI, and model explanations).

4. Limitations

Although the proposed baseline demonstrated excellent
discrimination on ODIR, several areas remain for improve-
ment. Firstly, this assessment is limited to one public data
source, gathered in a variety of environments, and thus does
not cover actual out-of-distribution robustness. Secondly,
only one model, ResNet50, has been examined with multi-
ple assessments. The rest have only been succinctly present-
ed due to space reasons. They could have otherwise been
used for comparison with other submissions. Thirdly, our
pre-processing is generic and non-lesion-oriented. Future
work could be oriented towards pre-processing strategies
such as lesion-guided enhancements. Finally, decision
thresholds have been chosen for class balance. However,
cost-sensitive decision-making strategies relevant to screen-
ing operations (such as maximizing sensitivity for disease
categories) have many untapped areas for improvement.

5. Clinical Relevance and Deployment

Considerations

The operating points employed in this work put greater
emphasis on sensitivity towards pathological images with
acceptable levels of precision on par with referral practices.
Thus, this deep model can serve as a pre-screening triage
system for directing images indicative of cataract/DR/glau-
coma towards expert evaluation. Validation related to im-
proved reading times and inter-grader agreements with and
without Al aid is required.

Grad-CAM Heatmap Overlay

ResNet50 — Grad-CAM: Original | Heatmap | Overlay (held-out test)

Grad-CAM Heatmap Overlay

TP | v true=cataract | v pred=cataract

Figure 7. ResNet50-Grad-CAM attention weights for indicative correct (in columns 1-2) and incorrect (in columns 3—4) predic-
tions for all four categories. Uniform color scaling. Relevant areas are pointed out using arrows.
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Table 3. Comparative positioning against recent fundus-based studies.

Dataset /

Split / External

Ref. (Year) #Classes Method / Backbone Validation Reported Metrics XAI
ResNet50 TL +
This study . . Acc = 99.25,
(2025) ODIR (4 classes) | preprocessing (AHE + Train/Val/Test AUC = 0.999 Grad-CAM
morphology)
MuReD + Dual-branch (RGB . )
RFMiD; also fundus + vessel Train/Test;
Yu & Dong . T also reports DR task Acc 99.2%; AM
(2025) reports on segmentation) + T + performance on | multi-disease Acc 98.8% Grad-C
MESSIDOR?2, | soft-voting (SVM/MLP/ external datasets ’
EyePACS-1 XGB)
Alsohemi (Ija%gle furgllt;s/ EfficientNet-B3 Acc 95.12%; Prec
& Dardouri élasses;n iy (fine-tuned; Adam + Internal split 95.21%; Rec 94.88%; F1 | Not reported
(2025) auco cosine scheduler) 95.00%; MCC 0.925
Cataract/Healthy)
DenseNet201/
EfficientNetB3/Inception- S 0
éz({)r;s;l)l ctal. (8OPIR ) ResNet-V2 features — Train/Val/Test Yglfg%%r/} 1983 Not reported
crasses LDA — DNN/LSTM/ ! °
BiLSTM
Al-Fahdawi ODIR Fundus-DeepNet (feature/ Internal solit Reports multi-label F1/ Mentions
et al. (2024) (multi-label) data fusion for multi-label) ernatsp AUC on ODIR interpretability
Chavan & REMiD Mé} S(Erlrj 1; +tiGmlio Wt‘;vor:m Internal split Acc 95.09% (with Not reported
Pete (2024) (multi-disease) wa phimizatio ernatsp additional Sens/Spec) ot reporte
(hyper-param search)
Ejaz et al. RFMiD CNN (12- & 20-layer . Val Acc up to 89.81%; e .
(2024) (multi-disease) variants) Train/Val/Test Test Acc 88.72-89.59% Brief discussion
Common diseases: AUC
Duan & Tu UWF fundus DenseNet121 features + | External test set | >0.975, Acc >0.98; rare Grad-CAM
(2025) (16 diseases) XGBoost reported diseases: high AUC/Acc &
reported

6. Conclusion and Suggestions

The research introduced a highly accurate deep-learning
system for automated multi-disease screening from retinal
fundus images with fine-tuned CNN models. The proposed
model demonstrated state-of-the-art accuracy with strong
robustness for cataract, diabetic retinopathy, glaucoma, and
normal cases. These results identify the clinical potential of
deep learning for early and precise ocular disease screening.
Future research will aim to test this with larger, multi-cen-
tre datasets to expand its real-world utility.
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