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Received: 3 September 2025 The Eye is the most sensitive human organ; if affected by any disease, it
Accepted: 26 November 2025 can hinder the individual’s quality of life. Some Retinal diseases, such as

Available online: 30 December 2025  Epiretinal Membrane (ERM), Age-related Macular Degeneration (AMD),
glaucoma, and Retinal Vein Occlusion (RVO), are major contributors to

eyesight loss. Timely detection of such diseases is essential for

Keywords successful treatment. A novel model called ‘EffNetEye has been
Multimodal imaging, deep learning, proposed for the classification and diagnosis of retinal diseases by
machine learning, eye disease, OCT, combining two modalities, fundus and OCT. The suggested model
fundus provides a simple but effective dual-modality feature-level fusion

approach. It uses two EfficientNetBO backbone networks to extract
features from each modality and classifies four retinal diseases: AMD,
ERM, RVO, and Normal. None of the studies on multimodal approaches
included ERM disease, which distinguishes this model from the existing
multimodal approaches. A total of 5,484 image datasets were
constructed from three publicly available datasets: OIA-ODIR, RFMid,
and OCTDL. Different preprocessing steps are applied to each modality
image to address the domain differences among the three datasets. OCT
images were preprocessed with Wiener filtering to reduce speckle noise
and to improve local contrast in fundus images; the CLAHE technique
was applied. Additionally, data augmentation was applied to address

class imbalance in the dataset. The model was trained on a combined

training and validation dataset and evaluated using 5-fold stratified
cross-validation to ensure consistency and eliminate bias. The use of
Grad-CAM demonstrated the model’s ability to highlight clinically
relevant features in both fundus and OCT scans during prediction.
Finally, the model was tested on an independent test set, which showed
strong classification performance, achieving an accuracy of 94.2% and a

high AUC of 99.99%.

1. Introduction

Vision plays an important role in human life. Timely diagnosis of eye diseases is necessary for accurate
treatment. Diseases such as diabetic retinopathy, glaucoma, and AMD can damage the retina of the eye
extensively. There are several imaging modalities, such as fundus, OCT, OCTA, etc., to detect these diseases. To
diagnose retinal diseases, fundus or OCT scans are mostly suggested by an ophthalmologist to capture different
aspects of retinal functionality. Use of multiple modalities like OCT and Fundus imaging for the detection of a
disease has become widely used by doctors [1]. An ophthalmologist first suggests a fundus scan; if the disease is
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not identified by a fundus scan, they suggest an OCT scan. Fundus scan offers a broad 2D image of the retina and
surrounding tissues, while OCT provides a comprehensive cross-sectional view of retinal layers. Combining both
modalities enables more efficient and accurate disease-related changes, which can improve diagnostic
performance and support optimal treatment [2, 3].

The process of combining information from several scans of the same disease, from different imaging
modalities, is called image fusion. The fused image preserves all relevant and complementary information from
the input images, which makes it more helpful for disease analysis by doctors. Image fusion integrates the
critical details extracted from two or more images. The region-based method involves partitioning input images
into distinct regions using various segmentation techniques. The features are derived from the specified regions,
and appropriate integration rules were employed to achieve the combined results [4]. CIRF combines
reconstruction and fusion with deep learning to better integrate multi-modality medical images, improving both
image quality and detail preservation [5]. In 2025, a fusion method based on interval gradients and CNNs was
proposed to decompose and recombine image information, preserving structure and texture more effectively
than traditional multiscale fusion approaches [6].

Retinal fluid segmentation is a common sign used by medical experts in diagnosing diseases like diabetic
macular edema, AMD, and RVO. Deep learning-based retinal fluid segmentation can improve the accuracy of
semantic segmentation [7]. The authors [8] summarized various deep learning paradigms, such as CNN, FCN,
and U-Net, utilized for the segmentation of retinal fluid in OCT images. A recent study published in 2025
reported that foundation models such as the Segment Anything Model (SAM), can be adapted for medical image
segmentation and are capable of achieving strong, consistent results across multiple anatomical regions [9]. The
growing trend of segmentation models shows a shift in medical imaging, moving from networks designed for a
single task to flexible models that perform well across different datasets.

Although the latest developments in deep learning have demonstrated impressive results in analyzing
medical images, especially for the automated detection and classification of retinal diseases using single imaging
modalities. A multimodal strategy that combines information from fundus and OCT images can provide a more
comprehensive understanding of retinal conditions, improving diagnostic accuracy compared to using either
modality alone. The purpose of this research is to demonstrate the effectiveness of a multimodal framework for
accurate diagnosis of retinal disorders, which will support clinicians in the timely and accurate identification of
diseases. Although several multimodal approaches have been proposed, many are complex or primarily focus on
diseases such as DME and AMD, leaving ERM largely unexplored. This shows a research gap in diagnosing ERM
disease by deep learning models.

We developed EffNetEye, a lightweight multimodal deep learning architecture that combines features from
Fundus and OCT images to classify four retinal diseases, including ERM. Features from each modality were
extracted using a pre-trained EfficientNetB0 architecture and then combined and passed to a classification layer.
This dual-modality approach captures complementary information while retaining an effective architecture that
is simple to train. The primary contributions of this work are as follows:

) We developed a lightweight multimodal fusion model, ‘EffNetEye’, that combines features from fundus
and OCT scans using a dual EfficientNetB0 backbone network.

e  We combined three publicly available datasets (OIA-ODIR, RFMid, and OCTDL), and only four disease
categories - AMD, RVO, ERM, and Normal were chosen for the research. Including ERM disease in our
study distinguishes it from previous multimodal approaches.

e  Extensive evaluation of the model was conducted on independent test data and achieved high
accuracy (94.2%) and AUC (99.99%).

e  For visualizing clinically relevant retinal structures, we applied Grad-CAM on the OCT and fundus
images, which can help the ophthalmologist in disease diagnosis.

2. Related Work

Retinal disease classification using multimodal imaging data presents many challenges. One of the main
challenges is the diversity in image quality, which can result from patient-specific factors, variations among
imaging equipment, and the skill set of the operator [3]. For both doctors and automated systems, poor-quality
images, such as those with blur, uneven illumination, or color distortions, can drastically reduce the accuracy of
diagnosis [7].

To classify a variety of diseases, a strategy was proposed by [10] that utilizes a multilevel glowworm swarm
optimization CNN. Two phases were suggested for the proposed system: preprocessing and categorization.
Following preprocessing, the pictures were input into the MGSCNN classifier for the purpose of categorizing an
image as either normal or abnormal (encompassing 39 various classifications of ailments). In the convolutional
neural network classifier, utilizing the Glowworm Swarm optimization technique, this methodology attains a
remarkable accuracy of 95.09% through diverse metrics.
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The authors of [11] generated a multi-model CNN for categorizing AMD into four categories: normal, wet
AMD, dry AMD, and PVC by using two imaging modalities, fundus and OCT. To facilitate the visual understanding
of the contributions made by distinct modalities to the ultimate prediction, a technique called class activation
mapping was adapted for application in a multi-modal context. Two methods for data augmentation were used:
GAN-based image synthesis and loose pairing. The loose pairing technique associates a fundus picture with an
OCT picture based on their respective classes instead of the identities of the eyes. Experiments were conducted
on 1,094 fundus images and 1,289 OCT images.

In order to effectively represent the modality-specific characteristics inherent to various modalities, [12]
introduced a new "modality-specific attention network" designed for the classification of multimodal ocular
diseases. Their experimental findings derived from a medically recorded "multi-modal" ocular picture dataset
indicate that "MSAN" exhibits superior performance compared to other established single-modals.

A retinal "fundus" and OCT-based automated "Macular Edema" and healthy eye classification methodology
were suggested by [13]. Their deep ensemble learning system recognizes and processes input fundus and OCT
scans using a deep CNN. After processing, the second layer retrieves features from both images. The retrieved
features are combined and fed to a hybrid model using ANN, SVM, and Naive Bayes. The proposed framework
diagnosed "macular edema" and healthy participants with 94.33% accuracy.

Project Macula postmortem OCT and fundus imaging data were utilized by [14] to diagnose AMD. These
models used pretrained VGG-19 and transfer learning utilizing a random forest. Fundus-OCT combination
boosted evaluation with 0.969 AUC of and an accuracy of 90.5%. The "Delong Test" showed that combining OCT
and fundus data performed better than using either OCT alone or fundus alone. The “multimodal random forest"
model outperformed both “constrained Boltzmann machines” and "deep belief network" methods.

The authors of [15] developed a new "multi-view deep learning” methodology for the diagnosis of "cervical
dysplasia (CDD)," combining multi-views of acetic images and iodine images, obtained from colposcopy. This
feature-level fusion (FLF) method effectively records the intricate relationship between the iodine and acetic
image views and adequately employs insights from both perspectives. The "FLF" method utilizes "attention
mechanisms, enabling one view to support another or facilitating mutual assistance between both views to
enhance feature learning.

A novel "feature-level fusion" technique was used by [16], to integrate the OCT and OCTA modes in the
multimodal model for the evaluation of "choroidal neovascularization (CNV)" in neovascular AMD. The
outcomes were contrasted with an ophthalmologist's identification. To demonstrate its potential for clinical
application, the top model was assessed on two additional data sets. On the internal data set, the best model
demonstrated, similar to retinal specialists, achieved an AUC of 0.9796 and 95.5% accuracy on multi-modal
image inputs.

The authors of [17] employed multimodal imaging techniques to establish a "deep learning model" aimed at
predicting retinal vascular disorder, such as "diabetic macular edema", "neovascular age-related macular
degeneration”, "myopic choroidal neovascularization", "branch retinal vein occlusion”, and "central retinal vein
occlusion", while also assessing the necessity for "anti-VEGF treatment". The model demonstrated average AUC
values of 0.987 for the prediction of "retinal vascular" diseases and 0.969 for the prediction of diseases that
require treatment, respectively. The heat map illustrates the capability of the model to discern disease
characteristics via various retinal imaging techniques, including "fundus images, "OCT, and "Fluorescein
Angiography.

The authors of [18] demonstrated that the integration of OCT, infrared imaging, and diabetes-related data
for retinal vein occlusion (RVO) resulted in an accuracy of 95.20%. Advanced fusion methodologies, such as
vertical plane, spatially invariant, and attention-based networks, demonstrated enhanced performance when
compared to single-modal baselines or human experts. The author of [19] integrated optical coherence
tomography with infrared imaging via vertical plane feature fusion, resulting in an accuracy of 96.08% and AUC
values exceeding 0.96 across various subtypes of age-related macular degeneration, demonstrating performance
on par with experienced ophthalmologists.

3. Materials and Methodology

3.1 Dataset Overview

Two types of imaging modalities were used in the research: fundus and OCT. Three publicly available datasets
were used specifically: OCTDL [20], OIA-ODIR [21], and RFMid [22]. OIA-ODIR and RFMid datasets were used for
the fundus images, and the OCTDL dataset for the OCT images. The ODIR dataset consists of 5000 images of 8
disease categories: "normal”, "diabetes"”, "glaucoma", "cataract”, "AMD", "hypertension (H)", "pathological
myopia", and other diseases. The other disease category contains thirty-two retinal diseases. These thirty-two
diseases were converted from multilabel to multiple classes and again labelled by their disease category;
therefore, the entire OIA-ODIR data set was categorized into 39 disease classes. Out of these 39 classes, only four
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classes were chosen for the research: AMD, RVO, ERM, and Normal. RVO disease in the ODIR dataset contains
only 50 images, which was very few for the experiments; therefore, RVO disease fundus images of the RfMid
dataset were added to the RVO disease in the ODIR dataset. The RFMid dataset contains 3200 original color
fundus photos with 45 different disease categories.

There are more than 2000 OCT images in the OCTDL [20] dataset, which is arranged by disease class and
ocular disorder. The seven disease categories make up the dataset. Out of seven disease categories from OCTDL,
only four were chosen for the experiment: AMD, RVO, ERM, and NO. Table 1 shows the quantity of OCT and
fundus images within each dataset.

Table 1 Number of OCT and Fundus images in each dataset

Disease OCTDL RFMiD OIA-ODIR
(0CT) (Fundus) (Fundus)
AMD 1231 - 280
RVO 101 86 50
ERM 155 - 375
Normal 332 - 2874

3.2 Data Pre-processing and Augmentation

This step prepared raw images for training by enhancing their quality and expanding the dataset size to improve
model generalization and handle potential imbalances. Initially, the image loading step includes a check to skip
any corrupted image files. The preprocess_image function takes an image file path and its corresponding
modality, which may be either Fundus or OCT. The function includes opening the image, converting it to RGB
format, and resizing it to 224 x 224 pixels. For Fundus images, the Contrast Limited Adaptive Histogram
Equalization (CLAHE) approach is used to improve contrast and highlight fine retinal details, especially in areas
with uneven illumination. To make retinal structures more visible in OCT images, a Wiener filter is used to
reduce speckle noise while preserving edge details. Fig. 1 shows the examples of images before and after
preprocessing.

OCT - AMD (Preprocessed) FUNDUS - AMD (Preprocessed)

N

OCT - ERM (Preprocessed)

FUNDUS - AMD (Original)

OCT - AMD (Original)

OCT - ERM (Original) FUNDUS - ERM (Original)

OCT - NO (Original) OCT - NO (Preprocessed) FUNDUS - NO (Original) FUNDUS - NO (Preprocessed)

o e

OCT - RVO (Original) OCT - RVO (Preprocessed) FUNDUS - RVO (Original)

Fig. 1 OCT and Fundus images before and after image pre-processing
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When a class has fewer than 800 images, the ImageDataGenerator function was used for data augmentation
until the desired count was reached. The process of data augmentation includes transformations such as
zooming, horizontal flipping, adjustments to width and height, and random rotations. For classes with more than
800 images, 800 samples were randomly selected to ensure a consistent dataset size. Finally, the dataset was
partitioned into three sets: training, validation, and testing, with a 70%, 15%, and 15% split, respectively.

3.3 EffNetEye Model Architecture

The EffNetEye model is a multimodal fusion approach for the diagnosis and classification of multiple retinal
diseases. By combining features from two different modalities: OCT and Fundus, the model can better categorize
different retinal disorders.
Let Xr ERH*Wx3 denote a Fundus image, and XO =RH XWX 3 denote an OCT image, where H is the height, and W
is the width of the images. Each modality is passed through a pre-trained EfficientNetBO model without the top
classification layer to extract feature vectors:

Fp = f{EffNetBO}(XF) € R1280 (1)

Fy = f{EffNetBO}(Xo) € RU280 2)

where Fr and Fp are the 1280-dimensional feature vectors for Fundus and OCT images, respectively, the
extracted feature vectors are concatenated to form a combined multimodal fusion representation, as shown in
equation 3.

F{fusion} = [FF”FO] € R{ZSGO} [3)
Where [Fg||Fo] denotes vector concatenation.

The fused feature vector is passed through a series of dense layers with ReLU activation and dropout for

regularization:

H; = ReLU(W, Fifysiony + b1)

(4)

H, = Dropout(H,,p = 0.5) )

H; = ReLU(W,H, + b,) (6)

o — (7)
§y = Softmax(W3H; + by)

Where:
. W1 € R256x2560, h; € R256
. W ER128x256 b, €R128
*  W3€eR#128 b3 €R*
y § ER* is the predicted probability vector over four classes (AMD, RVO, ERM, Normal)
The network was trained using the sparse categorical cross-entropy loss:
N

1
L= _NZ log (Fiy0) ®)

Where N is the number of training samples, yiis the true label for sample i, and J; ,; is the predicted probability
of the correct class.

The model employs a simple feature concatenation strategy to integrate information from different inputs.
Although several studies have explored complex fusion methods such as attention mechanisms and tensor-
based fusion, our experiments showed that simple concatenation was both effective and efficient. The model is
able to capture useful patterns without the need for additional fusion layers because the retrieved features from
each imaging modality worked well together. This lightweight design preserves high levels of accuracy and
generalization while reducing computing complexity. The model’s architecture is shown in Fig. 2.
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Fig. 2 Model architecture

The EfficientNetB0 model serves as a foundational framework for "feature extraction, which is initialized
with weights from the "ImageNet" dataset. The uppermost classification layer of EfficientNetBO is eliminated by
keeping "include_top = False". A 2D GAP layer is added to the output of the EfficientNetBO base, resulting in a
1280-dimensional "feature vector" for each input image fundus and OCT. Using a Concatenate layer, these
"feature vectors" are combined to produce a composite feature vector of shape 2560. The fused feature vector
was subsequently processed through a sequence of "dense layers":

e  A'dense layer" with 256 units and "ReLU activation".

e  A'dropout layer" with a regularization rate of 0.5.

e A'dense layer" with 128 units and "ReLU activation".

e A final output layer consisted of a "dense layer" utilizing "softmax activation", which facilitated the
generation of probabilities for the four categories.

The fusion model was compiled with the "Adam optimizer." The "sparse_categorical _crossentropy loss
function" was used for multiclass classification with integer labels. The model was trained for 50 epochs.

4. Result

To show the performance of the suggested EffNetEye model, the training and testing procedures were carefully
organized. TensorFlow and Keras were used to build the model, and GPUs were used to train it. The process
includes two steps: K-fold cross-validation, and then training and evaluating the model.

4.1 K-Fold Cross-Validation

To evaluate the model’s consistency over splits, a stratified 5-fold cross-validation was performed on the
combined training and validation data. Stratified split guarantees that the distribution of each disease class is
preserved across all folds, which is important for imbalanced datasets. To prevent overfitting the training
dataset and to observe the validation loss, early stopping was used. If the validation loss does not improve over a
period of five epochs, the training process is terminated prematurely, and the model weights are reset to those
from the epoch with the lowest validation loss. After training for each fold, the model's effectiveness was
evaluated on the validation set for that fold. For each fold, performance was assessed using metrics such as
precision, recall, F1-score, accuracy, and AUC. Cross-validation metrics corresponding to every fold are shown in
Table 2.

Table 2 displays the cross-validation metrics and results for each fold, indicating the model’s performance
over five-fold cross-validation. Mean and standard deviation were also calculated. The model achieved an
average accuracy of 94.15%, precision of 94.23%, recall of 94.15%, and F1-score of 94.14%. Low standard
deviations for these metrics (Accuracy: 0.0104, Precision: 0.0105, Recall: 0.0104, F1-score: 0.0104) indicate that
the model performs consistently across different data partitions, demonstrating high stability and generalization
ability.
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Table 2 Cross-validation metrics across each fold

Fold Accuracy Precision Recall F1
1 92.63 92.65 92.63 92.6
2 95.31 95.30 95.31 95.29
3 94.86 95.0 94.85 94.85
4 93.75 93.83 93.78 93.78
5 94.19 94.34 94.17 94.17

The AUC-ROC curve was also computed using the one-hot-encoded true labels and the predicted
probabilities. A graph of the AUC score across all of the folds is shown in Fig. 3.

AUC Score per Fold

0.996 -

0.995 4

0.994 4

0.993 4

0.992 1

AUC Score

0.991 ~

0.990 1

0.989 ~

0.988 A

T
1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Fold

Fig. 3 AUC score across folds

For each fold, Grad-CAM visualizations were produced for several randomly selected samples from the
validation set, which is shown in Fig. 4. This approach facilitates the visualization of the areas within the input
image that hold significant relevance for the estimate made by the model, thereby offering significant findings
about the aspects the model is focusing on.
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Fig. 4 Grad-CAM for randomly selected samples

4.2 Training

This phase comprises training the final model on an expanded dataset, followed by an assessment of its
performance on a test set that has not been seen before. The datasets utilized for training and validation during
the splitting phase were amalgamated to form an expanded training set for the final model. The images from the
integrated training set were systematically loaded and subjected to pre-processing procedures. Features were
derived from these images utilizing the EfficientNetBO feature extractor. A novel instance of the fusion model
has been constructed and compiled. The model was developed utilizing the characteristics and classifications
derived from the integrated training dataset. In a manner similar to the K-Fold stage, early stopping was
implemented.

A plot of training loss and accuracy across epochs is shown in Fig. 5 to visualize training progress. The
training history, as depicted in the training curve, shows a steady increase in accuracy and a decrease in loss
over epochs, indicating effective learning. The final model achieved 99% accuracy and a near-perfect AUC of
100% on the combined training and validation data.
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Final Model Training Curve

1.0

0.8 | /_/—WI

0.6
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I Loss
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0.2 1
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Epoch

Fig. 5 Model training and loss curve
The final model classification report and confusion matrix are shown in Table 3 and in Fig. 6, respectively.

Final Confusion Matrix
- 600

- 500

ERM

Actual

300

NO

200

100

RVO

AMD ERM NO
Predicted

Fig. 6 Model training confusion matrix

Table 3 shows that the model performs well across all four disease types, with precision, recall, and F1-score
values in the range 0.98-1.00. Both AMD and ERM have a precision and recall rate of 0.99, and this suggests their
high reliability and few false positives and false negatives. The precision of the Normal class is the highest (1.00),
and the recall is slightly lower (0.98). In comparison, RVO scores highest across all parameters, and detection
accuracy is 100% on the training set. The total accuracy of 0.99, the macro and weighted averages, 0.99, shows
that the model has excellent, balanced performance, regardless of the class distribution. The results indicate the
effectiveness and precision of the classifier when it comes to distinguishing different retinal diseases.

Table 3 Model training classification report

Disease Precision Recall f1-score Support
AMD 0.99 1 0.99 680
ERM 0.99 0.99 0.99 680

Normal 1 0.98 0.99 680
RVO 1 1 1 680

accuracy 0.99 0.99 0.99 0.99
macro avg 0.99 0.99 0.99 2720
weighted avg 0.99 0.99 0.99 2720
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4.3 Testing

The EffNetEye model was tested on an independent test set. The confusion matrix illustrates the relationship
between the predicted output and the real labels on the test set, highlighting areas of strong performance and
specific misclassification. The test confusion matrix (see Fig. 7) and the classification report (Table 4) exhibit the
model's effectiveness on unknown data. The overall test accuracy is 0.93, with performance varying among
individual classes as detailed in the classification report.

Test Confusion Matrix

AMD

- 100

- 80

ERM

60

Actual

NO

40

20

RVO

ERM NO
Predicted

Fig. 7 Confusion matrix on test set

Table 4 shows that the model is very strong in generalizing its performance in the test dataset, with a
general accuracy of 0.94 in all four disease categories. The F1-scores, precision, and recall are all consistently
high, with a range of 0.87- 0.97, which means that it is a reliable detector with minimum false detection. AMD is
also performing well with a precision of 0.94 and a recall of 0.97, and ERM has a comparatively lower recall of
0.87, indicating that it is more difficult to detect all the instances of ERM than it is with the other classes. The
normal class has balanced performance with an F1-score of 0.93, and RVO has the best test measures with an
F1-score of 0.97, which indicates a high level of predictive power. The classifier is robust and effective, as
sometimes, there are imbalanced conditions and other times balanced conditions, which are supported by the
macro and weighted averages of 0.94 to confirm that the classifier has been effective in real-world retinal
disease classification.

Table 4 Test classification report

Disease Precision Recall f1-score Support
AMD 0.94 0.97 0.95 120
ERM 0.95 0.87 091 120

Normal 091 0.96 0.93 120
RVO 0.96 0.97 0.97 120

accuracy 0.94 480

macro avg 0.94 0.94 0.94 480
weighted avg 0.94 0.94 0.94 480

4.4 Class-Specific Model Performance

To assess the discriminatory capability of the multimodal fusion model for each disease category, ROC curves
were generated for the independent test set using a one-vs.-rest methodology. The ROC curves and
corresponding AUC values for the classes of AMD, ERM, Normal, and RVO are shown in Fig. 8. The ROC curves for
all classes are above the diagonal line, approaching the top-left region of the plot, indicating a robust
classification performance. The computed AUC values were 1.00 for AMD, 0.99 for ERM, 0.99 for Normal, and
1.00 for RVO. The elevated AUC values indicate the model's superior capacity to differentiate among each
specific disease category and the other classes, thereby reinforcing its efficacy in the classification of multiple
retinal diseases.

Penerbit
UTHM



439

True Positive Rate

J. of Soft Computing and Data Mining Vol. 6 No. 3 (2025) p. 429-442

ROC Curves - Test Set
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Fig. 8 ROC curves on the test set

Grad-CAM visualizations were produced to elucidate how the model makes decisions for representative
samples from the test set, as shown in Fig. 9. The region of input images that the model concentrated on when
generating its predictions is shown by these heatmaps superimposed on the original photo The Grad-CAM
results indicate that the model is attending to relevant anatomical structures and pathological features within
the fundus and OCT images.

Fundus Grad-CAM - Actual: ERM, Predicted: RVO

Fundus Grad-CAM - Actual: RVO, Predicted: RVO

Fundus Grad-CAM - Actual: RVO, Predicted: RVO

OCT Grad-CAM - Actual: ERM, Predicted: RVO

OCT Grad-CAM - Actual: RVO, Predicted: RO

OCT Grad-CAM - Actual: RVO, Predicted: RVO

Fig. 9 Grad-cam samples of test data

4.5 Comparison with Existing Approaches

Table 5 shows an extensive comparison between the proposed EffNetEye model and existing leading
approaches. As shown, EffNetEye achieved the highest AUC while uniquely incorporating ERM into the

classification task.
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Table 5 Comparative performance of the proposed EffNetEye model with existing models

Disease

Author Modality . AUC Accuracy
classify
[3] Pair of Fundus AMD, Cataract DME, Glaucoma 99.76 92.41
Images(Left and Right
Eye)
[16] Fundus, OCT FA/ICGA DME, nAMD, mCNV, 98.7 93
BRVO, CRVO
[13] OCT and fundus AMD 98.1 94.6
[14] Infrared and OCT AMD, Normal, Dry, Wet AMD 96.08 91.59
[17] Infrared and OCT Diabeties RV0, DME, Normal 99.5 95
EffNetEye OCT and fundus AMD, RVO, Normal ERM 99.99 Training 99
model Test 94.2

Compared with existing methods, the proposed EffNetEye model offers clear advantages. Fundus-DeepNet
[3] achieved high performance using fundus images, but its accuracy of 92.41% and AUC 99.76% remained
slightly lower than EffNetEye's perfect AUC. Authors [16] employed multimodal inputs (fundus, OCT, and
FA/ICGA) and achieved reasonable accuracy (93%) and an AUC of 98.7%, but required complex, resource-
intensive imaging. In contrast, EffNetEye achieved superior performance with simpler modalities. The authors of
[ 13] focused only on AMD detection using OCT and fundus images, reporting an AUC of 98.1% and accuracy of
94.6%; while strong in single-disease classification, it lacked broader coverage of retinal disorders. Authors of
[14] relied on infrared and OCT data to classify AMD subtypes, but their accuracy (91.59%) and AUC (96.08%)
were lower, and the disease scope was narrower. [17] integrated diabetes-related information and infrared
imaging to classify RVO, DME, and normal cases with strong performance (AUC 99.5%, accuracy 95%), but again
excluded ERM. In contrast, EffNetEye not only achieved the highest AUC (100%) but also uniquely incorporated
ERM into the classification task, offering broader and more clinically relevant diagnostic capabilities.

5. Conclusion

A multimodal fusion model, EffNetEye, for multiclass retinal disease classification is proposed. The model takes
multimodal scans: fundus images and OCT of retinal diseases, and classifies them into four disease classes: AMD,
ERM, RVO, and Normal. The model achieved consistent performance on both the validation folds and the
independent test set. The high AUC scores of 1.0 for most classes in the training set and 0.99-1.00 in the test set
indicate excellent discriminative power, meaning the model is very good at distinguishing between different
disease classes and healthy cases. The training accuracy and loss curves demonstrate that the model converged
well during training, achieving excellent accuracy and minimal loss on the training data. The "K-fold cross-
validation" provides an accurate assessment of the model's functionality and helps in hyperparameter tuning
and model selection. The final model was trained on a larger dataset to build a production-ready model, and
evaluation on the test set provides an impartial assessment of its generalization performance. Earlier studies
tend to concentrate mainly on AMD, DME, or RVO. On the other hand, EffNetEye provides a wider, more clinically
useful diagnosis by combining ERM with other retinal illnesses. The experimental results show that the
EffNetEye multimodal fusion model is useful for detecting multiple retinal diseases accurately. Furthermore,
EffNetEye demonstrated the ability to predict the correct disease category and achieved the highest AUC
(99.99%) among all examined approaches. In general, the EffNetEye model is more clinically advantageous than
other models due to its superior performance and broader disease coverage. Future study could focus on real-
time deployment and clinical validation of the models
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