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Abstract

Accurate and early identification of ocular diseases is essential to prevent vision impair-
ment and enable timely medical intervention. In routine clinical practice, ophthalmologists
rely on a structured diagnostic workflow that incorporates multiple imaging modalities
to manually assess and diagnose ocular diseases. However, interpreting each modality
requires significant clinical experience and can be time-consuming. These limitations
can be effectively addressed through the application of AI (Artificial intelligence)-driven
multimodal fusion techniques. In this study, we conducted an empirical investigation to
assess the impact of different fusion strategies—including early, intermediate, and late fu-
sion—on diagnostic performance, training requirements, and interpretability. The proposed
methodology was evaluated using three publicly available datasets: FFA-Fundus (Fundus
fluorescein angiography), GAMMA (Glaucoma Analysis and Multi-Modal Assessment),
and OLIVES (Ophthalmic Labels to Investigate Visual Eye Semantics). Experimental re-
sults demonstrate that multimodal feature fusion improves disease detection performance.
Although fused models typically required an increase in training parameters compared
to single-modality models, they provided interpretability on par with that of individual
single-modal networks. However, inference time increased by approximately 50% for
multimodal architectures. These findings underscore the value of integrating diverse oph-
thalmic imaging modalities to enhance diagnostic accuracy in automated disease detection
systems. At the same time, the results highlight that unimodal models containing highly
discriminative features can also perform competitively, particularly when a single modality
is sufficient for disease identification. Multimodal fusion provides the greatest benefit in
scenarios where complementary information across modalities contributes distinct and
non-redundant features. Furthermore, fusing all available modalities may not be opti-
mal due to increased computational cost and reduced inference efficiency; thus, selective
modality integration and lightweight fusion strategies are essential to balance accuracy,
interpretability, and efficiency in clinical deployment.

Keywords: diabetes-related complications; fundus fluorescein angiography; fundus; optical
coherence tomography; multimodal classification; fusion techniques; clinical decision
support systems
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1. Introduction
Early and accurate diagnosis is crucial for effective intervention, particularly given

that more than 2.2 billion people worldwide are affected by eye disorders. Notably, at least
one billion of these cases are treatable or preventable; however, many individuals lack
access to essential treatments [1]. Modern lifestyles characterized by excessive screen time,
poor nutrition, and insufficient outdoor activity contribute significantly to the increasing
prevalence of ocular disorders. The demand for screening for conditions such as Diabetic
Retinopathy (DR), Age-related Macular Degeneration (AMD), cataracts, and glaucoma
continues to rise worldwide, driven by both population growth and increased longevity.
In routine clinical practice, ophthalmologists follow a structured diagnostic workflow that
incorporates various imaging modalities to manually assess and identify ocular pathologies.
Multimodal ophthalmic imaging systems have been developed to enhance the contrast,
resolution and functional capabilities of conventional techniques, thus improving diagnos-
tic accuracy and informing treatment decisions [2]. However, the interpretation of each
imaging modality, including fundus photography, Optical Coherence Tomography (OCT),
Fluorescein Angiography (FA), or OCT Angiography (OCTA), requires substantial clinical
expertise and a considerable investment of time. This manual process typically involves an
image-by-image inspection, correlating findings across different modalities, and synthesiz-
ing these findings into a comprehensive diagnosis. Although these tools have significantly
advanced diagnostic accuracy, their effectiveness is heavily dependent on the clinician’s
skill and the time dedicated to image analysis, elements that present challenges to scalability,
especially in high-throughput or resource-constrained environments. These challenges can
be effectively addressed, especially in developing countries, through the implementation of
telemedicine, AI-driven diagnostics, and low-cost mobile clinics. Recent advances in auto-
mated retinal image analysis are revolutionizing the field of ophthalmology by improving
the early detection and diagnosis of ocular pathologies. These AI-driven systems enable
rapid and precise analysis of retinal images, facilitating timely interventions, and reducing
the risk of visual impairment.

Integration of AI is essential for the comprehensive analysis of diseases and has at-
tracted greater interest in recent studies [3–5]. Single-modal based AI techniques take
data of single type or from single source as input, whereas multi-modal AI techniques
integrate the data of different types from multiple sources. Multimodal disease diagnosis
has shown strong performance in various recent research efforts on a range of diseases, in-
cluding Alzheimer’s [6–12], breast cancer [13–22], depression [23–29], and epilepsy [30–33],
among others [34]. The use of multimodal disease detection enhances accuracy and robust-
ness by integrating multiple data sources, reducing the risk of misdiagnosis and improving
generalization in diverse patient populations [35,36]. Furthermore, multimodal analysis
enhances disease recognition by providing additional insights that single-modal techniques
often miss [12,37]. Multimodal approaches-based techniques have been applied effectively
to the detection of various ocular diseases, such as Diabetic Macular Edema (DME) [38,39],
glaucoma [40–43], DR [40,44,45], glaucomatous optic neuropathy [46] and optic neuropa-
thy [47,48], yielding promising results.

The field of retinal imaging spans both local and global contexts. Relying solely on a
single imaging modality for the identification of ocular diseases is no longer sufficient, as it
often overlooks critical indicators. Researchers have highlighted the need for multimodal
approaches to improve diagnostic accuracy, driven by advances in AI [49]. Compared to
single-modality approaches, multimodal Deep Learning (DL) provides the significant ad-
vantage of integrating diverse data types, enhancing the model’s capacity to learn a wider
and more comprehensive set of features. By simultaneously processing different types of
information during training, multimodal DL enables the effective fusion of complementary
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modalities, which can potentially improve the diagnostic performance in ophthalmology.
Many current multimodal approaches depend on paired datasets, wherein all imaging
modalities (e.g., fundus photography, OCT, FFA) must correspond to the same patient.
The construction of such datasets is logistically challenging and resource-intensive, espe-
cially at larger scales, which impacts the scalability and generalizability of current models.
Although various multimodal fusion techniques have been proposed, ranging from early
fusion to late fusion and hybrid approaches, these methods are frequently selected empiri-
cally without thorough evaluation, potentially limiting the robustness and effectiveness of
the resulting models. These challenges highlight the need for the development of versatile
foundation models that can adaptively handle multiple modalities, even in the presence
of unpaired data. There is significant scope for systematically evaluating the effectiveness
of different multimodal fusion strategies by examining how various fusion techniques
influence classification performance on publicly available datasets.

To address these challenges, we propose a multimodal fusion-based approach for
image-based disease detection that integrates information from multiple imaging modali-
ties. Furthermore, we conduct a systematic analysis to assess the effectiveness of various
fusion strategies, examining the impact of different multimodal fusion techniques on iden-
tification performance using publicly available datasets. The key contributions of this
work in advancing the efforts of state-of-the-art multimodal fusion techniques can be
summarized as follows:

• Design of multimodal fusion techniques for the detection of ocular disease using
identical backbone networks and initial weights to identify the best fusion strategy.

• Detailed analysis of three fusion techniques, early, feature and late fusion, in terms of
network parameters, performance, inference time, and interpretability.

The remainder of this article is organized as follows. Section 2 reviews the related
literature, while Section 3 outlines the methodology and describes the data sets used.
Sections 4 and 5, present the experimental results and their interpretation. Finally, Section 6
concludes the study and discusses the directions for future work.

2. Literature Review
Multimodal fusion enhances classification accuracy and robustness by integrating

diverse data sources. It encompasses three primary strategies: early fusion, intermediate
fusion, and late fusion, each offering a trade-off between integration depth and computa-
tional efficiency, while aiming to preserve fine-grained cross-modal relationships [50]. Early
fusion of data from multiple modalities before feature extraction allows deep cross-modal
integration, but can result in high-dimensional feature spaces and increased noise sensitiv-
ity [51]. Intermediate fusion, or representation-level fusion, is a method that separates and
combines features from different modality processes, balancing multimodal information
integration with model complexity [52]. Late fusion, a decision-level fusion approach, pro-
cesses each modality independently and combines their outputs during decision-making,
offering flexibility but potentially overlooking complex cross-modal interactions [53].

Recently, several studies have explored the use of multiple retinal imaging modalities
for various decision-making tasks in ophthalmic diagnostics. Hervella et al. [54] explored
the multimodal image encoding pre-training for the classification of DR. They introduced
a novel self-supervised learning framework, termed multimodal image encoding, which
learns feature representations from unlabeled pairs of retinal images. Compared to con-
ventional supervised pre-training, their approach led to improved performance across
multiple datasets. Wardhani et al. [55] developed a novel model for DR prediction using a
multimodal early fusion approach that integrates fundus retinal images, OCT, and Elec-
tronic Health Records (EHR). The proposed method demonstrated superior performance
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in DR detection compared to models based on unimodal data. Bidwai et al. [56] proposed a
feature-level fusion approach that combines ResNet-extracted features from fundus and
OCT images, using a DkSO-optimized Light GBM model for DR detection. Their method
improved diagnostic accuracy while ensuring the interpretation of the model.

In the context of the diagnosis of glaucoma, Guangzhou et al. [57] proposed an
ML-based approach using OCT and color fundus images. The method used a VGG19-
based Convolutional Neural Network (CNN) to extract features from the multimodal
input, which are later classified using a random forest algorithm. The thickness and
deviation maps derived from OCT segmentation were integrated with CNN-based features,
allowing the model to effectively differentiate between healthy and glaucomatous eyes.
Mehta et al. [58] automated glaucoma detection using interpretable ML by integrating
clinical data with multimodal retinal imaging, including color fundus photographs and
OCT images. The authors used gradient-boosted decision trees to detect glaucoma based
on extracted features and performed an interpretability analysis to identify the key features
that contributed to the model’s diagnostic decisions. Lim et al. [59] used fundus images,
OCT scans, and demographic data for the detection of glaucoma. The features extracted
using the Xception model were combined with machine learning classifiers, resulting in
superior performance compared to single-modality baselines. A study by Sejong et al. [60]
examined an ML model designed to elucidate the identification of glaucoma. To construct
the model, they utilized fundus images, OCT scans, visual field data, and non-visual health
information to illustrate the onset of glaucoma.

Multimodal fusion approaches have also been investigated for the detection of AMD
and other ocular conditions [61,62]. Dong et al. [63] proposed a multimodal transformer sys-
tem for the non-invasive diagnosis of Diabetic Nephropathy (DN) through retinal imaging.
The study created a transformer-based DL system for the identification of DN and non-DN
utilizing non-invasive multimodal data, comprising fundus images and clinical attributes.
Jin et al. [64] developed a method to diagnose Choroidal Neovascularization (CNV) activity
in AMD using the extracted features of the OCT and OCTA images. The authors found
that the multimodal model outperformed the single-modality models in terms of accuracy
and recall for detecting active CNV. Liu et al. [65] combined infrared (IR) and OCT images
to predict visual acuity. By aggregating these modalities and applying a DL model, they
achieved an accurate prediction of visual impairment, thus supporting early detection and
timely medical intervention. Fusion techniques have also been explored for the detection
of multiple ocular diseases. Hervella et al. [66] proposed an innovative self-supervised
multimodal reconstruction-based pre-training framework aimed at improving diagnostic
performance. Their work focuses on the detection of various retinal diseases, particularly
two of the most prevalent vision-impairing ocular conditions: glaucoma and AMD.

Although multimodal data sets have gained significant attention for the detection
of ocular diseases by enabling more accurate and robust diagnostic models, many exist-
ing studies rely on empirically selected fusion strategies without systematic evaluation.
Furthermore, most of these approaches are validated using a single, often private dataset,
which limits reproducibility and generalizability. Therefore, a comprehensive examination
of different fusion techniques is essential to assess their impact on disease recognition.
To address these limitations, this study investigates three fusion strategies, early, intermedi-
ate and late fusion, applied to a multimodal dataset, followed by an extensive evaluation
of their effectiveness in improving classification performance. The findings provide valu-
able insights into the importance of multimodal fusion in the advancement of automated
diagnosis of ocular diseases.
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3. Methodology
In this study, we used three publicly available datasets. Section 3 provides detailed

information about each dataset. For each of these datasets, we applied three multimodal
fusion techniques, as discussed in Section 4. For each of these fusion techniques, we
applied three standard classification models (VGG16, ResNet50, EfficientNetB0 and Swin
Transformer (SwinT)), analyzing their influence on the performance of the model in the
classification of ocular diseases. Figure 1 shows the entire methodology used to classify
ocular diseases. These models are pre-trained on ImageNet as a feature extractor with the
top classification layers removed. As input, it takes an image of shape (224, 224, 3) and
outputs a feature map, which serves as input to the classification head. For all these models,
All layers are made trainable and layers initialized using ImageNet weights. The algorithm
used in this study is presented in Algorithm 1.

Figure 1. High-level framework for multimodal image-based ocular disease detection.

3.1. Dataset Description

This section provides an overview of the datasets used in the development and
evaluation of the proposed fusion techniques. The experiments utilized three publicly
available datasets: FFA-Fundus [67], GAMMA [42] and OLIVES [68]. These datasets were
chosen for their complementary characteristics, including the incorporation of multiple
imaging modalities and diverse sample sizes representing various ocular diseases. This
diversity facilitates experimentation across a wide range of ocular disease identification
tasks, allowing for a comprehensive evaluation of the proposed models. Figure 2 shows
the sample images from each of these datasets and details about the datasets utilized are
presented in Table 1.

3.1.1. FFA-Fundus

The FFA-Fundus dataset [67] comprises 60 paired images, evenly divided into 30 pairs
that depict normal and abnormal cases of fundus images in addition to their corresponding
FFA images. Each pair of images is labeled with a binary designation that indicates whether
the case is normal or abnormal.

3.1.2. GAMMA

The “Glaucoma Grading from Multimodality Images (GAMMA) Challenge” [42]
provides 2D fundus and 3D OCT images of 300 patients tagged with severity of glaucoma.
The three class labels used in this multimodal dataset are none, early and mid-advanced,
indicating that there are no, early, mid-, or advanced glaucoma severity levels, respectively.
Each of the fundus and OCT modalities includes 150, 78, and 72 images for the none,
early, and mid-advanced classes, respectively, summing up to 300 fundus and 300 OCT
images. In this study, both normal and abnormal cases of glaucoma are included to ensure
a balanced class distribution and to facilitate a comparative analysis with other available
data sets.
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(a) Fundus (FFA-Fundus) (b) FFA (FFA-Fundus)

(c) Fundus (OLIVES) (d) OCT Scan (OLIVES)

(e) Fundus (GAMMA) (f) OCT Scan (GAMMA)

Figure 2. FFA-fundus [67], OLIVES [68] and GAMMA [42] dataset samples.

Table 1. Details about dataset used.

Data Source Disease Classified Modality Image Count
Normal Abnormal Total

FFA-fundus DR FFA 30 30 60
Fundus 30 30 60

GAMMA Glaucoma Fundus 150 150 300
OCT 150 150 300

OLIVES DR (NPDR/PDR) Fundus 125 125 250
OCT 125 125 250

3.1.3. OLIVES

The “Ophthalmic Labels to Investigate Visual Eye Semantics (OLIVES)” [68] provides
fundus and OCT scans of 96 patients, along with binary DR labels that indicate Non-
Proliferative DR (NPDR) or Proliferative DR (PDR). DR can be NPDR and PDR forms,
depending on whether abnormal new blood vessels are absent or present in the retina [69].
Each patient has one fundus image and 49 OCT scans per visit. Among the 49 scans,
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only one was included in the study, as most scans per patient were identical. For binary
classification, our study uses 250 NPDR and 250 PDR fundus–OCT image pairs.

Algorithm 1 The proposed algorithm
Inputs:
(A) Unimodal and multimodal retinal images
▷ multimodal public datasets used in this study are FFA-Fundus, GAMMA, and OLIVES
(B) Classification label of each image
▷ available along with datasets
Output: An ocular disease-based trained classification models

Step 1: Image Preprocessing
- Resize the images to 224 × 224

Step 2: Training three models, namely VGG16, ResNet50, SwinT and EfficientNetB0,
for ocular disease base classification task
(a) Unimodal using modality mod1
▷ modality mod1: FFA images from FFA-Fundus, Fundus images from GAMMA, OLIVES datasets

- image features are extracted
- classified using VGG16, ResNet50, SwinT and EfficientNetB0

(b) Unimodal using modality mod2
▷ modality mod2: Fundus images from FFA-Fundus, OCT images from GAMMA, OLIVES datasets

- image features are extracted
- classified using VGG16, ResNet50, SwinT and EfficientNetB0

(c) Multimodal using modality mod1 and mod2
(i) early fusion

▷ fusion at the input level before feature extraction
- integration level: input level fusion
- fusion method: concatenation or summation of feature vectors
- advantages: Leverages complementary modality information, richer representation

and improved prediction accuracy
(ii) feature fusion

▷ fusion occurs during the feature extraction stage
- integration level: feature-level fusion
- fusion method: concatenation of feature vectors
- advantages: makes use of richer representation, complementary modality infor-

mation, improved prediction accuracy
(iii) late fusion

▷ fusion occurs at decision level
- integration level: decision-level fusion
- fusion method: averaging predicted class probabilities
- advantages: equal modality contribution, enhanced robustness and precision.

Step 3: The trained classification models are saved based on an early stopping criterion.
Step 4: The best-performing saved models are deployed for inference on unseen
test images.

3.2. Multimodal Fusion

This study focuses mainly on investigating three fusion techniques, as illustrated
in Figures 3–5, and evaluates their impact on model performance in the classification
of ocular diseases. Early fusion, particularly pixel-level fusion, is implemented at the
input stage before the images are fed into the model. In this method, two modality
RGB images are concatenated along the channel axis, resulting in a six-channel input.
The first three channels represent one modality image, while the last three correspond to
the second modality image. To ensure compatibility with classification models that require
three-channel input, the six-channel representation is reduced to three channels using a
1× 1 CNN layer with ReLU activation. This method facilitates efficient channel-wise fusion
while reducing the dimensionality. Subsequently, backbone networks are used for the
detection of ocular disease. Figure 3 illustrates the model architecture [70] proposed for
the early fusion technique, using the VGG pre-trained backbone network. In this figure,
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image_mod1 and image_mod2 represent input-modality images from their respective
datasets. The custom classification head is trainable and consists of a flat layer following
the feature extractor layers. This converts the multidimensional feature maps from the
convolution backbone into a one-dimensional vector, making it suitable for processing by
fully connected layers. Next, dense layers with ReLU activation are used to learn complex
patterns from extracted features, enabling non-linearity and capturing higher-level feature
representations. Dropout layers are used to reduce overfitting by randomly deactivating
neurons during training and to enhance generalization. Finally, the output layer is a dense
layer with sigmoid activation. The loss function is the binary cross-entropy (binary_cross-
entropy). The model is trained for 20 epochs using the Adam optimizer with a learning
rate of 1 × 10−4 and β = 0.5.

Figure 3. Proposed early fusion technique combining input features and passing them through the
CNN network.

Feature fusion, also known as intermediate fusion, takes place in the feature extraction
stage. In this study, images from two different input modalities are processed through a
shared backbone network, such as VGG16, ResNet50, or EfficientNetB0, SwinT to extract
high-level feature representations. Each image is passed through the backbone, resulting in
2D feature maps which are then flattened using a global average pooling layer. Figure 4
illustrates the model architecture proposed for the feature fusion technique, using the VGG
pre-trained backbone network.

In addition, multimodal performance is examined through late fusion, where inte-
gration occurs at the decision level. In this approach, the predictions of two independent
model branches, each handling a different modality, are combined to generate the final clas-
sification output. Two separate instances of the backbone network process their respective
inputs independently, extracting features and generating distinct predictions. The outputs
from both branches are then fused at the decision stage by averaging the predicted class
probabilities. This method ensures equal contributions from both modalities, enhancing
the robustness of the model and the precision of the classification. Figure 5 illustrates
the model architecture proposed for the late fusion technique, using the VGG pre-trained
backbone network.
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Figure 4. Proposed fusion method integrating modality features before decision-level classification.

Figure 5. Proposed late fusion approach combining modality-specific networks at the decision level.

The findings of this study provide valuable information on optimal fusion strategies
to effectively utilize complementary information from multiple modalities, thus enhancing
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diagnostic precision and robustness. In the case of the FFA-Fundus dataset, fundus images
were fused with their corresponding FA images to identify normal and abnormal cases.
For the OLIVES dataset, fundus images were combined with OCT images to detect NPDR
and PDR. Similarly, fundus images and their corresponding OCT counterparts from the
GAMMA dataset were subjected to the same fusion techniques and classified as normal or
indicative of glaucoma.

4. Results
The experimental setup utilized a high-performance computing (HPC) system config-

ured with CUDA version 12.2, 6912 CUDA cores, driver version 535.183.01, 432 TMUs and
80 GB memory. To ensure a comprehensive evaluation of the proposed models, we used var-
ious quantitative metrics in different tasks. This evaluation encompasses image generation
and unimodal and multimodal disease classification across three datasets: FFA-Fundus [67],
GAMMA [42], and OLIVES [68]. Accuracy represents the proportion of correct predictions
to the total predictions generated by the model. The F1 score assesses the performance
of the model by calculating the harmonic mean of precision and recall. The Area Under
Curve (AUC) score indicates the effectiveness of the model in distinguishing between
different classes. Lastly, the Kappa score measures the degree of agreement between the
predicted and actual labels, providing insight into their consistency.

Three fusion methods, Early, Late, and Feature Fusion, were studied using multimodal
data comprising fundus, OCT, and FA images. The results are summarized in Tables 2–4.
To ensure a fair comparison among the experimental techniques, the same random seed is
used during training and testing of the proposed models. Multimodal approaches demon-
strated improvements over unimodal models when evaluated in different architectures
(VGG16, ResNet, and EfficientNet). Figure 6 illustrates the plots of loss and accuracy
of training and validation data. The accuracy and loss plots demonstrate that training
and validation performance are similar without any significant gaps, which ensures no
overfitting and stable learning.

Table 2. Results obtained for FFA-Fundus Dataset [67].

Fusion Type Model Test Accuracy F1 Score AUC Kappa Score

Unimodal
(FFA)

VGG16 66.67 77.14 33.33 22.58
ResNet 58.33 71.43 54.55 16.67

EfficientNet 91.67 100 90.91 83.33
SwinT 100 100 100 100

Unimodal
(Fundus)

VGG16 75 77.15 72.73 50
ResNet 100 100 100 100

EfficientNet 66.67 100 71.43 38.46
SwinT 81.81 75.00 80.00 62.07

Early Fusion

VGG16 66.67 45.71 33.33 22.58
ResNet 66.67 57.14 33.33 22.58

EfficientNet 66.67 77.14 66.67 35.14
SwinT 45.45 62.50 70.00 65.43

Feature Fusion

VGG16 66.67 94.29 71.43 38.46
ResNet 91.67 94.29 90.91 83.33

EfficientNet 100 100 100 100
SwinT 80.82 75.00 70.00 62.07

Late Fusion

VGG16 75.00 91.43 66.67 47.06
ResNet 75.00 94.29 76.92 52.63

EfficientNet 91.67 100 88.89 82.35
SwinT 91.66 88.89 86.66 81.36
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Table 3. Results obtained for GAMMA Dataset [42].

Fusion Type Model Test Accuracy F1 Score AUC Kappa Score

Unimodal
(Fundus)

VGG16 83.33 91.52 82.76 66.96
ResNet 86.66 94.19 87.09 73.33

EfficientNet 85.00 94.87 86.15 69.79
SwinT 100 100 100 100

Unimodal
(OCT)

VGG16 81.67 91.29 83.58 62.92
ResNet 83.33 91.41 83.87 66.67

EfficientNet 90 96.88 91.18 79.73
SwinT 62.71 73.17 62.07 64.45

Early Fusion

VGG16 83.33 91.52 84.85 66.37
ResNet 75.00 88.62 74.58 50.33

EfficientNet 83.33 97.32 86.11 65.91
SwinT 58.33 56.57 59.56 61.67

Feature Fusion

VGG16 93.33 97.32 93.94 86.55
ResNet 91.66 98.10 92.06 83.29

EfficientNet 93.33 98.55 93.75 86.61
SwinT 98.33 98.36 99.78 96.67

Late Fusion

VGG16 93.33 96.32 93.75 86.61
ResNet 91.66 98.21 91.80 83.37

EfficientNet 93.33 98.88 94.12 86.49
SwinT 90.00 89.66 98.89 80.00

Table 4. Results obtained for OLIVES Dataset [68].

Approach Model Test Accuracy F1 Score AUC Kappa Score

Unimodal
(Fundus)

VGG16 94.05 95.22 94.44 88.07
ResNet50 94.05 97.79 94.44 88.07

EfficientNet 93.06 96.48 93.33 86.15
SwinT 96.00 93.33 96.00 94.00

Unimodal
(OCT)

VGG16 71.29 83.52 60.27 41.66
ResNet 82.18 92.15 83.02 64.49

EfficientNet 87.13 94.11 85.39 74.09
SwinT 52.00 52.00 61.29 59.00

Early Fusion

VGG16 79.20 93.72 81.74 58.79
ResNet50 89.10 94.66 88.89 78.21

EfficientNet 94.05 95.06 93.62 88.08
SwinT 66.00 73.02 74.08 61.99

Feature Fusion

VGG16 94.05 94.58 93.75 88.09
ResNet50 94.05 95.09 93.62 88.08

EfficientNet 95.04 95.41 94.74 90.07
SwinT 54.00 64.62 71.36 71.99

Late Fusion

VGG16 95.04 95.80 94.62 90.06
ResNet50 93.06 95.49 92.63 86.10

EfficientNet 96.03 96.59 95.74 92.05
SwinT 50.00 60.32 79.84 72.71
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(a) FFA-Fundus feature fusion

(b) OLIVES late fusion

(c) GAMMA late fusion

Figure 6. Plots of accuracy and loss of training data.

5. Discussion
Three fusion techniques are evaluated in multiple ocular diseases. Among the three fu-

sion strategies, feature fusion consistently outperformed the other two methods in all
metrics (see Tables 2–4). These results reflect the benefits of combining complementary
modalities to improve diagnostic precision. For comparative analysis among F1 score, ac-
curacy, AUC, and kappa score, the kappa score was selected as the primary metric. Unlike
accuracy and the F1 score, which can be affected by class imbalance, the kappa score is
chosen because the score accounts for the agreement occurring by chance, providing a more
robust measure of model performance. Among unimodal DL models, the fundus-only
SwinT approach showed superior performance, capturing key features such as microa-
neurysms and exudates. Among the evaluated pre-trained models, the SwinT achieved
the best performance in the unimodal (Fundus) classification task. This superiority can
be attributed to its ability to model long-range dependencies through self-attention while
preserving hierarchical feature representations. In contrast to CNN-based architectures,
which depend on fixed local receptive fields, the SwinT captures local and global contextual
information via shifted window attention, enabling a more expressive representation of
complex spatial patterns. However, its performance declines in multimodal settings. This
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limitation is mainly due to the fact that SwinT is optimized primarily for the hierarchical
visual structure of a single modality; introducing a weaker or misaligned second modality
can disrupt its inductive bias and hinder learning. For most of the other models, multi-
modal fusion approaches achieved superior performance compared to unimodal models,
underscoring the advantage of leveraging complementary information across modalities.

Multimodal fusion techniques outperformed unimodal models, highlighting the ad-
vantage of combining complementary information between two modalities. In the FFA
dataset, the performance matched the fundus-only model, likely due to limited test images.
Both late fusion with EfficientNet and feature-level fusion achieved comparable results,
indicating their ability to capture modality-specific features effectively. In contrast to VGG’s
deep yet uniform architecture and ResNet’s dependence on residual connections, Efficient-
Net employs a compound scaling method that harmonizes the depth, width, and resolution
of the network. This approach enhances the model’s ability to learn effectively from diverse
and complementary features present in multimodal data. Furthermore, its lightweight de-
sign mitigates the risks of overfitting, particularly when integrating modalities with varying
feature distributions, making it particularly well suited for complex fusion tasks. How-
ever, early fusion did not yield significant performance gains, possibly due to suboptimal
integration of heterogeneous feature spaces at the input level.

Table 5 presents the performance benchmarking results in comparison with exist-
ing methods. The proposed fusion technique achieves performance on par with baseline
approaches while maintaining a simpler architectural design. Although many existing
methods involve multi-stage pipelines for lesion or biomarker identification, the pro-
posed framework employs a single training phase using fused multimodal features. This
streamlined design improves computational efficiency and enhances practical applicability.
Furthermore, prior approaches often rely on complex multi-branch networks, ensemble
strategies, or expert-driven biomarker annotations, which increase model complexity and
limit scalability. In contrast, the proposed model is lightweight, efficient, and more gen-
eralizable, making it better suited for real-world clinical deployment without requiring
specialized infrastructure or extensive manual intervention.

Table 5. Performance benchmarking with existing work.

Dataset Existing Work Performance (Metric) Remarks

FFA-Fundus Hajeb et al. [67] 100
(Accuracy)

Employs five lesion segmentation to determine
the final classification;

GAMMA Wu et al. [42] 82.80 ± 0.03
(Kappa Score)

Achieves an accuracy of 79.55% by employing
a 3D network for the OCT branch and a DENet
architecture for the fundus branch for three-
class classification. The method further incor-
porates ensemble strategies, which further in-
creases the number of training parameters.

OLIVES Prabhushankar et al. [68]
82.33% ± 3.59
(Balanced/Weighted
accuracy)

Employs a data split of 70% for training, 20%
for validation, and 10% for testing in the de-
tection of DR/DME using OCT and biomarker
inputs. However, accurately identifying these
biomarkers is time-consuming and requires ex-
pert knowledge.

To further analyze the number of trainable parameters and the interpretation of
the model, we used the top-performing model per dataset. Table 6 lists the number of
parameters required for these top-performing models. It can be observed that multimodal
networks require a larger number of parameters, which results in longer training and
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inference times. However, instead of training two separate networks for each modality, both
modalities can be integrated within a fusion network.The last column reports the inference
time for a single image using the unimodal EfficientNet and for a pair of images using the
multimodal EfficientNet. These experiments were conducted on a system configured with
CUDA version 12.2, using an NVIDIA A100 80 GB PCIe GPU. CUDA cores, 432 TMUs,
and with 80 GB of memory.

From Table 6, it can be observed that late and feature fusion strategies incur higher
inference time compared to unimodal and early fusion approaches, due to the additional
computational stages required for separate feature extraction and subsequent aggregation.
Notably, GPU inference time does not scale linearly with the number of trainable parame-
ters, particularly when comparing CNN- and SwinT-based architectures. This behavior
can be attributed to architectural design and the degree of computational parallelism,
as transformer-based operations are highly optimized for large-scale matrix multiplica-
tions that efficiently utilize GPU cores. However, deployment of SwinT models in gen-
eral clinical settings remains challenging, as CPU-based inference results in substantially
higher latency due to the computational intensity of attention mechanisms. In contrast,
EfficientNet-based models demonstrate more stable and practical performance on CPU
systems. Therefore, considering both deployment feasibility and runtime performance,
feature- and late-fusion EfficientNet architectures provide a more suitable balance for
real-world clinical applications.

Table 6. Trainable parameters and inference time of unimodal and multimodal models.

Dataset Fusion Type Trainable
Parameters

Multiplicative
Factor (×)

Inference Time
(ms)

Inference Time (ms)
Under Clinical Setup

FFA
Fundus

Unimodal CNN 788,993 – 105.75 ± 10.34 423.00 ± 621.00
Early Fusion CNN 789,014 1.00 201.83 ± 7.31 541.13 ± 110.55
Feature Fusion CNN 1,444,353 1.83 391.91 ± 9.68 1058.40 ± 178.56
Late Fusion CNN 1,577,986 2.00 397.39 ± 10.60 1054.21 ± 167.73
Unimodal SwinT 87,005,881 110.27 22.66 ± 1.67 1122.35 ± 555.64
Early Fusion SwinT 87,005,902 110.27 32.69 ± 10.53 6443.00 ± 2776.47
Feature Fusion SwinT 174,536,049 221.24 51.69 ± 9.67 14,360.21 ± 2210.62
Late Fusion SwinT 173,488,498 219.92 52.39 ± 15.23 29,211.38 ± 3147.46

To understand the effect of fusion on model interpretation, we employed Grad-CAM
to visualize the key regions learned by the model. The visualization of the output heatmap
for a sample input is shown in Figure 7. From the visualizations, it can be seen that
both unimodal and multimodal networks learn similar regions. For fundus input images,
the lesions are generally identified correctly, while this is not consistently the case for OCT
images, particularly in the GAMMA dataset. This discrepancy could be attributed to the
large noise regions present in OCT images. In contrast, for the OLIVES dataset, the OCT
layers are better captured due to layer-focused ROI inputs.

For the FFA-Fundus images (refer Figure 7A,B), multimodal fusion helps to restrict the
learned regions more precisely within the fundus region compared to using single-modality
images. Both single and multimodal networks identify similar lesions (e.g., exudates, red
lesions, microaneurysms). In the case of GAMMA, the optic disc regions are learned
correctly from fundus images by both networks. The late fusion of both modalities does
not significantly alter the regions learned in this case. In the OLIVES dataset, the OCT layer
regions are correctly learned by the network. Again, late fusion of both modalities does not
lead to substantial differences compared to unimodal training. Overall, the results suggest
that the regions learned by multimodal fusion networks are largely consistent with those
learned by individual unimodal networks, with only dataset-specific variations.
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A

(i)

(a) Original fundus image

(ii)

(b) Unimodal Grad-CAM

(iii)

(c) Feature fusion Grad-CAM

B
(d) Original FFA image (e) Unimodal Grad-CAM (f) Late fusion Grad-CAM

C
(g) Original FFA image (h) Unimodal Grad-CAM (i) Late fusion Grad-CAM

D
(j) Original FFA image (k) Unimodal Grad-CAM (l) Late fusion Grad-CAM

E
(m) Original FFA image (n) Unimodal Grad-CAM (o) Late fusion Grad-CAM

F
(p) Original OCT image (q) Unimodal Grad-CAM (r) Late fusion Grad-CAM

Figure 7. Visualization of heatmaps overlaid on input images (red to blue, denoting high to low impor-
tance). Rows A and B, C and D, and E and F present sample images from the FFA-Fundus, GAMMA,
OLIVES datasets respectively. Column (i) presents the original images, column (ii) shows the Grad-
CAM representations generated from the unimodal network, while column (iii) displays the Grad-
CAM representations obtained from the multimodal network that leverages both input modalities.

To quantitatively assess clinical localization consistency, 81 diabetic retinopathy (DR)
fundus images from the “Indian Diabetic Retinopathy Image Dataset” (IDRiD) dataset [71]
with expert-verified lesion annotations were utilized. These images included clinically
relevant features such as soft exudates, hard exudates, microaneurysms, and hemorrhages.
Pixel-level lesion masks were used as ground truth, and morphological processing was
applied to aggregate scattered annotations into meaningful regions of interest. Correspond-
ingly, Grad-CAM heatmaps were thresholded to generate binary localization maps for
quantitative comparison with expert annotations. Grad-CAM–derived localization maps
showed substantial agreement with expert-annotated lesion masks on correctly detected
DR images, achieving an average Dice coefficient of 0.6327 and IoU of 0.4723 on unseen
IDRiD images. Representative examples of original fundus images, expert annotations,
and Grad-CAM–identified regions are shown in Figure 8, illustrating consistent localization
across diverse imaging conditions and lesion types. While prominent lesions were accu-
rately localized, reduced sensitivity was observed in mild DR cases (refer Figure 8E) with
subtle microaneurysms and hemorrhages, likely due to their limited representation in the
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training data. These findings highlight the model’s ability to accurately identify clinically
relevant pathological regions and indicate that further fine-tuning on larger and more
diverse multimodal datasets could enhance sensitivity to early DR lesions and improve
overall localization performance.

(i)Original images (ii) Grad-CAM images (iii) Ground Truth

A

B

C

D

E

Figure 8. Visualization of Grad-CAM heatmaps (red to blue, denoting high to low importance)
and expert-annotated lesion masks on IDRiD fundus images from the segmentation folder. Images
(A–D) represent DR fundus images with more visible lesions (microaneurysms, haemorrhages, and
soft and hard exudates), while image (E) represents a DR fundus image with very few visible lesions.

In addition, to understand the generability of the best performing multimodal fusion
networks, EfficientNet is tested on another publicly available dataset from the GitHub
repository Traslational-Visual-Health-Laboratory (TVHL) [72]. This dataset provides fun-
dus and OCT image pairs, DR disease labels are supplied in a CSV file. Although fundus
and OCT images along with DR labels are provided in a large number, as image pairs
fewer images are available. Thus, the number of training images used is 500 (250 normal
and 250 DR images). For validation, 50 normal and 50 DR images are used. The results of
the EfficientNet model using the TVHL dataset are shown in Table 7. Similar results were
obtained with unimodal fundus imaging contributing to the performance of DR detection,
while among multimodal fusion techniques, late fusion showed superior performance.
From the overall experimentation, the following conclusions can be drawn.

• Unimodal models using a SwinT with fundus images alone achieved better perfor-
mance than their multimodal counterparts.

• CNN-based models performed significantly better with late fusion and feature-level
fusion compared to early fusion techniques.

• The interpretability of the model was found to be modality- and architecture-specific.
The fusion of modalities within the same network does not necessarily alter the
Grad-CAM visualizations.
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• The average percentage increase in the inference time for multimodal fusion was
up to 50%, while the average percentage increase in the number of parameters was
approximately 75% due to fusion.

• Multimodal fusion was more efficient than training separate models for each modality
in terms of both overall training and inference time.

Table 7. Efficient model performance using TVHL dataset.

Model Accuracy AUC F1 Score Kappa Score

Unimodal (Fundus) 88.89 95.51 88.66 77.79
Unimodal (OCT) 69.70 64.98 62.50 69.63
Early fusion 43.43 42.45 48.15 43.33
Intermediate fusion 74.75 71.14 66.67 69.75
Late fusion 78.79 85.10 76.4 76.66

Although this study provides valuable information on the comprehensive evaluation
of fusion techniques to recognize ocular diseases, several inherent limitations must be
recognized. Although a comprehensive analysis has been performed to evaluate the impact
of multimodal fusion, the limited availability of publicly accessible data has confined
this analysis to detection tasks at present. However, with sufficient data availability,
these techniques could easily be adapted for severity classification tasks with only minor
modifications. While our findings indicate that multimodal fusion techniques enhance
disease recognition, the improvement is marginal, and further validation is required to
establish their advantage over unimodal approaches across different datasets and clinical
settings. Additionally, the fusion mechanisms explored in this study are widely used
conventional fusion techniques. More advanced cross-modal fusion strategies, such as
attention-based and transformer-based methods, could be further investigated to enhance
cross-modal interaction and improve feature representation. It is also important to note that
the proposed framework is primarily designed for scenarios where multimodal imaging
data are accessible, and its applicability may be limited in situations where such data
are not routinely collected. Future research can explore methods for generalizing this
approach to broader clinical applications and optimizing fusion strategies to enhance
diagnostic accuracy.

6. Conclusions
This study illustrates the effectiveness of multimodal fusion techniques in improving

automated recognition of ocular diseases. Experimental evaluations conducted on pub-
licly available datasets, including FFA-Fundus, GAMMA, and OLIVES, demonstrate that
integrating various imaging modalities through intermediate and late fusion strategies
improves ocular detection performance. These findings underscore the potential of multi-
modal ophthalmic imaging in improving diagnostic precision. Future research may focus
on generating the necessary modality images through image synthesis, refining fusion
strategies, and expanding this approach to broader clinical applications for improved
real-world implementation.
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