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Abstract. Retinal diseases such as age-related macular degeneration (AMD), diabetic macular edema (DME), and
choroidal neovascularization (CNV) are the main causes of vision loss worldwide. Optical coherence tomogra-
phy (OCT) enables non-invasive high-resolution imaging of the retinal layers, facilitating the early detection of
such conditions. This paper proposes a deep learning-based approach to classify OCT images using transfer learn-
ing with pre-trained convolutional neural networks. Architectures such as VGG16, VGG19, and DenseNet121
were adapted and fine-tuned to identify disease-specific patterns. Data augmentation and class balancing tech-
niques were used to enhance model robustness. Among the models tested, VGG19 achieved the highest precision
(97.15%), surpassing deeper networks such as ResNet152V2 and InceptionResNetV2. The class activation maps
confirmed that the models focus on clinically relevant features such as drusen, fluid pockets, and neovascular
structures. The results highlight that well-tuned, moderately deep architectures offer an effective trade-off between
accuracy, interpretability, and computational efficiency. These findings support the integration of automated OCT
classification tools into clinical workflows, improving early diagnosis, treatment planning, and access to retinal
healthcare.

Keywords: Deep Neural Network, Medical Image Classification, Ocular Diseases, Optical Coherence Tomogra-
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1 Introduction

Visual impairment significantly affects quality of life, affecting an individual’s independence, productiv-
ity, and mental health. Among the most common causes of progressive vision loss are retinal diseases retinal
diseases such as age-related macular degeneration (AMD), diabetic macular edema (DME), and choroidal neovas-
cularization (CNV). These conditions are particularly challenging because they often develop slowly and remain
asymptomatic until advanced stages.

Early detection is critical to prevent irreversible damage, yet accurate diagnosis is heavily based on special-
ized equipment and experienced clinicians - resources that are not universally accessible. In this scenario, Optical
Coherence Tomography (OCT) has become a fundamental tool in ophthalmology, offering detailed, cross-sectional
visualization of retinal structures. Still, the increasing volume of OCT scans in clinical practice has raised the de-
mand for scalable and efficient diagnostic support systems.

Recent advances in artificial intelligence have opened new possibilities in medical imaging [1]. Deep neural
networks, especially convolutional architectures, have demonstrated remarkable capability in identifying disease-
specific patterns in complex visual data [2]. Motivated by this potential, this paper explores the use of pre-trained
deep learning models to automate the classification of OCT images, aiming to assist in the early and accurate
diagnosis of retinal diseases while preserving interpretability and clinical relevance.

To this end, this work aims to evaluate deep learning-based methods for identifying retinal pathologies in OCT
images. Pre-trained networks are adapted to balance accuracy and computational efficiency, facilitating integra-
tion into clinical practice. Model performance is assessed using standard metrics, including accuracy, sensitivity,
specificity, and the area under the receiver operating characteristic curve (AUC) [3].

CILAMCE-2025
Proceedings of the XLVI Ibero-Latin-American Congress on Computational Methods in Engineering, ABMEC
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2 Literature Review

Deep learning has significantly advanced medical image analysis, enabling accurate and scalable diagnostics
across various imaging modalities. In OCT, Convolutional Neural Networks (CNNs) have proven effective tools
for detecting retinal diseases such as AMD, DME, and CNV [2, 4].

Early studies using simple or low-depth CNNs showed limited performance, often constrained by small and
heterogeneous datasets. The adoption of transfer learning marked a turning point. By fine-tuning networks pre-
trained on large-scale datasets like ImageNet—such as InceptionV3, ResNet50, and DenseNet121—researchers
achieved classification accuracies exceeding 93% on OCT datasets, enabling reliable end-to-end diagnostic pipelines
[5–7].

However, deeper architectures like ResNet152V2 and InceptionResNetV2, while capable of capturing com-
plex features [8], pose practical limitations. These include high computational cost, increased inference latency,
and sensitivity to hyperparameter choices. Additionally, their complex connectivity can diffuse activation signals,
making clinical validation more challenging, especially in resource-constrained clinical environments [3].

In contrast, VGG16 and VGG19, despite being older and more parameter-heavy, offer advantages that are
well-suited to OCT analysis. Their simple and sequential structure facilitates stable convergence and minimal
tuning. More importantly, they generate clear and anatomically meaningful Class Activation Maps, which improve
interpretability and clinical trust [8].

Given their diagnostic accuracy, ease of implementation, and superior interpretability, VGG-based models
remain strong candidates for OCT-based retinal disease classification. Their consistent results across studies make
them suitable for both research applications and real-world clinical deployment.

2.1 Dataset Description and Clinical Relevance

This study uses the publicly available OCT dataset by Kermany et al. (2018), widely recognized as a bench-
mark for retinal disease classification [4]. It contains 84.495 high-resolution spectral-domain OCT images, divided
into four classes: Normal, AMD, DME, and CNV.

The dataset’s large size support effective model training and validation. Its standardized acquisition proto-
col ensures consistent image quality, enhancing model generalization across clinical settings. Li et al. (2019),
for instance, reported 96.8% accuracy using a fine-tuned ResNet50 on this dataset, confirming its suitability for
developing reliable OCT classifiers [2].

2.2 Deep Learning in OCT Image Analysis: State of the Art

Retinal diseases such as AMD, DME, and CNV exhibit distinct structural alterations in OCT images, en-
abling their identification. AMD is marked by the presence of drusen—lipid-rich deposits that accumulate be-
tween the retinal pigment epithelium (RPE) and Bruch’s membrane (BrM) [8, 9]. These deposits disrupt the
normal RPE–BrM–choroid interface, leading to progressive retinal damage. DME arises from fluid leakage in the
macula due to increased vascular permeability [10] and CNV involves aberrant vessel growth beneath the retina,
risking severe vision loss [11].

Pre-trained convolutional networks have been repurposed to detect these pathologies. For instance, ResNet50-
based models produce activation maps that highlight fluid pockets and neovascular regions in OCT scans [2],
illustrated in Figure 1. Other studies fine-tuned architectures like VGG16 and InceptionV3, with InceptionV3
reaching 97.4% accuracy in ocular disease classification [3, 5].

The integration of these deep learning methods into OCT analysis enables earlier, more accurate diagnosis of
AMD, DME, and CNV, supporting timely treatment and better patient outcomes.

Figure 1. ResNet50 activation maps on OCT images: lighter areas indicate higher network attention on relevant
pathology. Adapted from Li et al. [2].
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3 Materials and Methods

This study adopts a structured pipeline for OCT image classification integrating data preparation, model
adaptation, training and evaluation. First, OCT scans are loaded and preprocessed via the TensorFlow tf.data API
[12]. To counter class imbalance among CNV, DME, AMD and Normal cases, a hybrid strategy was applied
combining undersampling of majority classes with oversampling and real-time augmentations (horizontal/vertical
flips, brightness and contrast adjustments). The dataset is then split into training, validation and test sets, preserving
class distribution to ensure fair model evaluation.

Model development builds on ImageNet-pretrained architectures - VGG19, VGG16 and DenseNet121 [6, 7,
13, 14]. The early convolution layers were frozen to preserve general feature representations, while the top 10%
layers were unfrozen for task-specific fine-tuning. A custom classification head was added, consisting of Global
Average Pooling, dense ReLU layers with dropout, and a final softmax layer for multiclass prediction, illustrated
in Figure 2.

Figure 2. Flowchart of the adapted VGG19 architecture used for OCT image classification. The initial convo-
lutional blocks (orange volumes) correspond to the frozen base layers pretrained on ImageNet, responsible for
general feature extraction. The uppermost convolutional layers (512-feature maps) were unfrozen for fine-tuning
on OCT data to capture disease-specific structures. The custom classification head includes a Global Average Pool-
ing (GAP) layer, dense and batch-normalization layers (BN), and a softmax output with four neurons representing
CNV, DME, AMD/Drusen, and Normal classes. From the authors.

Models were compiled using the AdamW optimizer and trained using categorical cross-entropy loss [15].
A two-phase training schedule was adopted: initially training only the new classification layers, followed by
fine-tuning of the unfrozen base layers. To improve convergence and avoid overfitting, callbacks were employed
including EarlyStopping, ReduceLROnPlateau, and ModelCheckpoint.

During training and validation, the scores for accuracy, precision, recall, and AUC were monitored. Final
performance was assessed on the test set using confusion matrices and ROC curves. All training logs, metric
histories, and data splits were recorded to ensure full reproducibility and enable future experimentation.

4 Experimental Results

The proposed models consistently achieved strong performance on the OCT classification task. All archi-
tectures surpassed clinical thresholds in accuracy, precision, recall, and AUC, demonstrating the effectiveness of
transfer learning combined with balanced data and real-time augmentation. While minor misclassifications oc-
curred between anatomically similar classes, overall results confirm the model’s reliability for clinical use.

4.1 Comparative Performance by Architecture

Among the tested models, VGG19 delivered the most consistent and robust classification performance. Over
the course of 30 training epochs, the model demonstrated stable convergence behavior, with training accuracy
increasing from approximately 85% to 97% and validation accuracy reaching between 92% and 95%, observed
in figure 3. Precision and recall followed similar trends, both exceeding 95% by the final epochs. Importantly,
both training and validation loss decreased steadily, indicating that the model was learning discriminative features
rather than overfitting.
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A temporary fluctuation in validation accuracy and loss around epoch 13 reflects a brief overfitting phase
during early fine-tuning, when the learning rate was still adapting to the unfrozen top layers. The use of the Re-
duceLROnPlateau and EarlyStopping callbacks promptly mitigated this instability, allowing the network to recover
and continue improving steadily thereafter. Importantly, both training and validation loss decreased consistently
after this point, confirming that the model was effectively learning discriminative features rather than overfitting.

(a) Accuracy (b) Precision (c) Loss

Figure 3. Evolution of VGG19 metrics over 30 epochs: accuracy, precision and loss. From the authors.

To better understand the network’s decision-making process, Class Activation Maps (CAMs) were generated
for each class. In CNV cases, the network focused on subretinal neovascular tufts and hyperreflective lesions. In
DME, attention was centered on fluid pockets near the fovea, while Drusen examples showed strong activation
beneath the RPE layer. For normal images, the activation was more uniformly distributed, as expected in the ab-
sence of pathological landmarks, seen in figure 4. These visualizations confirm that the model attends to clinically
relevant regions when forming predictions.

(a) CNV (b) DME (c) DRUSEN (d) Normal Retina

Figure 4. Class activation maps for VGG19 on OCT scans, highlighting key pathological regions. From the
authors.

VGG16, despite its reduced depth, achieved comparable results. It reached up to 96% training accuracy and
91–94% validation accuracy, with precision and recall maintaining tight alignment. The convergence of training
and validation losses again suggests effective generalization and low risk of overfitting.

(a) VGG19 confusion matrix. (b) VGG16 confusion matrix.

Figure 5. Confusion matrices for VGG19 and VGG16 on the test set, showing minimal misclassifications. From
the authors.

The confusion matrices of VGG19 and VGG16, illustrated in figure 5, further highlight their strong classifi-
cation performance. Both models achieve near-perfect discrimination across the four retinal classes, with VGG19
showing zero misclassifications for CNV. Minor confusion occurs between Drusen and Normal.
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4.2 Comparison with Other Architectures

While deeper and more modern models such as InceptionV3, ResNet152V2, and DenseNet121 also achieved
high classification accuracy, their performance was slightly below that of the VGG-based networks, seen in table 1.
Additionally, these architectures required more hyperparameter tuning and longer training times to reach optimal
performance. Despite having fewer parameters, DenseNet121 and InceptionResNetV2 showed reduced recall,
suggesting that increased architectural complexity did not necessarily translate into better results on this dataset.

The VGG architectures, in contrast, offered a better balance between precision, interpretability, and training
stability. Their sequential design enabled clearer feature localization, as evidenced by the activation maps, and
they were less sensitive to training conditions, making them better suited for clinical deployment.

Table 1. Best metrics of each model, highlighting the epoch, precision, and recall. From the authors.

Model Epoch Precision Recall

VGG19 30 97.15% 96.96%

VGG16 23 96.55% 96.32%

InceptionV3 18 95.33% 94.94%

ResNet152V2 9 94.47% 93.92%

InceptionResNetV2 11 94.32% 93.86%

DenseNet121 11 93.59% 92.93%

Deeper architectures rely on complex skip connections and block designs for parameter efficiency, but they
often require fine hyperparameter tuning and larger datasets to avoid underfitting or overfitting. In contrast, VGG
models trained more stably and yielded activation maps more easily aligned with clinical expectations.

4.3 Low-Confidence Correct Classifications

A notable strength of the VGG19 model was its ability to correctly classify difficult cases even under uncer-
tainty. In scenarios where predicted probabilities were nearly evenly split between two classes, the network still
identified the correct label by focusing on subtle but relevant pathological features.

For example, in a borderline case between CNV and DME, the model correctly classified the image as CNV
by focusing on a neovascular tuft—despite assigning nearly equal probability to DME (CNV = 52%; DME =
48%), seen in Figure 6(a). Similar behavior was observed in cases of early-stage drusen, where attention maps
highlighted mild elevations under the RPE layer, leading to correct classification (DME = 67%; Drusen = 33%),
seen in Figure 6(b). These low-confidence yet accurate predictions illustrate the model’s capacity to prioritize
biologically meaningful cues, enhancing clinical trust.

(a) CNV (b) DME (c) DRUSEN (d) Normal Retina

Figure 6. Low-Confidence True Classifications for VGG19. From the authors.

A similar pattern emerges for Drusen cases: despite some probability weight for a Normal label—perhaps
reflecting very small or early deposits—the model’s heatmap zeroes in on subtle elevations beneath the RPE layer,
confirming drusen presence (Drusen = 77%; Normal = 19%), seen in figure 6(c). Even when a healthy retina was
nearly misclassified as Drusen, the activation highlights only a faint bump, explaining why the network ultimately
favored the Normal class (Normal = 53%; Drusen = 47%), seen in figure 6(d). These examples demonstrate
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VGG19’s ability to discriminate borderline cases by anchoring decisions to anatomically meaningful regions. Their
decisions are not based solely on global similarity but grounded in spatially relevant retinal structures, reinforcing
its potential for clinical support where ambiguity is common.

5 Discussion and Clinical Implications

Fine-tuned VGG19 and VGG16 models consistently matched or outperformed more complex architectures in
retinal disease classification. While deeper networks like InceptionV3 and ResNet152V2 often require extensive
hyperparameter tuning on moderately sized OCT datasets, the simpler sequential design of VGG models converges
reliably with minimal adjustment, achieving training and validation accuracies above 96% and 94%, respectively.
These results exceed established benchmarks, where the VGG19 precision of 97% surpasses the 9̃2% reported
for similar models [16]. This high performance is achieved despite VGG’s larger parameter count (28 million)
compared to lightweight networks like DenseNet121 (7 million).

Beyond aggregate metrics, interpretability is a decisive advantage. Class Activation Maps confirm that VGG
models focus on known anatomical markers like drusen deposits and intraretinal fluid, observed in figures 4a–4d,
building clinical trust by mimicking an ophthalmologist’s focus. This targeted feature attention also allows the
models to correctly resolve ambiguous, low-confidence cases (figure 6), further enhancing their reliability.

From a deployment standpoint, VGG models offer a practical balance. Their larger memory footprint is a
limitation for GPU-constrained settings, but this is offset by their stable convergence and reduced training time. In
contrast, lightweight models like EfficientNetB0 provide faster inference at the cost of a modest drop in precision,
making them suitable for real-time screening on edge devices.

Ultimately, the choice of architecture depends on clinical constraints such as available hardware and the need
for interpretability. For many clinical settings, VGG16 offers a compelling solution with its high accuracy and
clear, anatomically grounded activation maps. Future work could enhance performance by integrating attention or
multiscale modules, paving the way for robust, AI-driven retinal screening in diverse healthcare environments.

5.1 Computational Setup, Software, and Reproducibility

All experiments were conducted on a standard workstation with dedicated GPU acceleration and memory
resources suitable for deep-learning workloads, reflecting a practical environment for research and clinical trans-
lation. The implementation was developed in Python with TensorFlow/Keras and leveraged transfer learning from
ImageNet-pretrained convolutional backbones. Fine-tuning selectively unfroze higher-level layers to adapt generic
visual features to retinal OCT structure.

Data preprocessing and augmentation were handled by automated TensorFlow pipelines, performing on-
the-fly normalization and randomized geometric/photometric transformations to improve generalization. Training
followed standard practices in modern optimization (e.g., AdamW), learning-rate scheduling, early stopping, and
model checkpointing to promote stable convergence. Performance was assessed on a held-out test set independent
of training and validation, and runs were configured for deterministic behavior to support reproducibility.

Under this setup, end-to-end fine-tuning completed in a short wall-clock time, and inference operated at near-
real-time speed with per-scan latency compatible with interactive clinical use. These characteristics indicate that
the approach can be reproduced on widely available GPU hardware and integrated into routine decision-support
workflows without specialized infrastructure.

6 Conclusions

This study demonstrates that fine-tuned VGG19 and VGG16 classifiers, trained on a balanced and augmented
OCT dataset, achieve over 96% accuracy in discriminating among CNV, DME, drusen, and healthy retinal scans.
Confidence in these automated outputs is fostered by Class Activation Maps, which validate that the models focus
on clinically relevant landmarks like macular fluid pockets and sub-RPE deposits.

Compared to deeper, skip-connected networks, VGG architectures offer more stable convergence with fewer
hyperparameter adjustments and clearer interpretability, making them ideally suited for moderate-resource clinical
settings. Their straightforward design also streamlines integration into existing workflows for early retinal disease
screening, supporting timely treatment decisions that can reduce vision loss

For real-world implementation, lighter backbones like EfficientNetB0 can be substituted where inference
speed is paramount, while attention-based modules could be layered onto VGG models to enhance detection of
subtle lesions. By combining high diagnostic accuracy, transparent decision rationale, and practical deployment
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strategies, this work lays the foundation for OCT analysis tools that can expand access to high-quality retinal care
across diverse clinical environments.
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