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Abstract 

Automated analysis of optical coherence tomography (OCT) images has become increasingly important for the early de-

tection of retinal diseases. In this study, deep learning models were developed for multi-class retinal disease classification 

using the OCT2017 dataset, which includes four categories: choroidal neovascularization (CNV), diabetic macular edema 

(DME), DRUSEN, and NORMAL retinal images. Two architectures were evaluated: DenseNet201 and an attention-based 

ensemble model combining EfficientNet-B3 and ResNet50. Transfer learning with ImageNet-pretrained weights was used 

together with a standardized preprocessing pipeline that included image resizing, grayscale-to-three-channel conversion, 

normalization, and online data augmentation. To improve performance on underrepresented classes, class-weighted fo-

cal loss was applied during training, particularly to enhance DRUSEN detection. Model evaluation was performed using 

five-fold stratified cross-validation. Among the tested models, DenseNet201 achieved the best overall performance, with 

a mean cross-validation accuracy of 96.69% ± 0.10%, macro F1-score of 0.9531, macro ROC-AUC of 0.9949, Cohen’s κ of 

0.9510, and Expected Calibration Error (ECE) of 0.0112. Class-wise analysis showed excellent performance for CNV, DME, 

and NORMAL categories, while DRUSEN remained comparatively more challenging because of its subtle visual character-

istics. Nevertheless, DRUSEN recall improved to 91.7% after the introduction of class-weighted focal loss. Calibration 

analysis further demonstrated that the proposed model produced reliable probability estimates suitable for clinical deci-

sion-support applications. Overall, the results show that DenseNet201 provides a reliable and clinically useful approach 

for automated retinal disease classification using OCT images. 
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Introduction 

The problem of visual impairment continues to pose sig-

nificant global health challenges with respect to individ-

uals' quality of life, independence, and socio-economi-

cally productive activities. Approximately 2.2 billion 

people around the globe suffer from various forms of vi-

sion impairment based on data provided by the World 

Health Organization. Many of these impairments can be 

successfully treated or prevented via early detection 

and diagnosis ⁠

1 ⁠

2 ⁠

3. Significant retinal diseases include 

choroidal neovascularization (CNV), diabetic macular 

edema (DME), and drusen related to early-stage age re-

lated macular degeneration (AMD), with normal retinal 

conditions used for comparison ⁠

4 ⁠

5 ⁠

6 ⁠

7.  
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The neovascular (wet) form of age-related macular de-

generation (AMD) is characterized by choroidal neovas-

cularization (CNV), involving abnormal blood vessel 

growth beneath the retina. DME results from increased 

vascular permeability and subsequent fluid accumula-

tion in the macula as a complication of diabetic reti-

nopathy. Drusen are deposits outside the retinal pig-

ment epithelium and are used as early indicators for 

progression to AMD ⁠

8. Accurate and early identification 

of these conditions is critical for preventing irreversible 

vision loss and enabling timely therapeutic intervention. 

Optical coherence tomography (OCT) has become the 

gold-standard imaging modality for retinal assessment 

because it provides high-resolution cross-sectional visu-

alization of retinal microstructures. OCT enables de-

tailed identification of pathological features including 

intraretinal fluid, subretinal fluid, and drusen deposits ⁠

9. 

However, manual interpretation of OCT scans remains 

labor-intensive and highly dependent on clinical exper-

tise. In addition, inter-observer variability and the in-

creasing volume of imaging data pose significant chal-

lenges for consistent and efficient diagnosis in clinical 

practice. Recent advances in deep learning, particularly 

convolutional neural networks (CNNs), have demon-

strated substantial potential in medical image analy-

sis10,11. These models are capable of automatically ex-

tracting hierarchical features from imaging data and 

have achieved performance comparable to, and in some 

cases exceeding, that of human experts in diagnostic 

tasks.  

In the landmark study by Kermany et al., transfer learn-

ing using a pretrained Inception-v3 network achieved 

ophthalmologist-level performance in classifying OCT 

images into four categories: CNV, DME, drusen, and nor-

mal retina. Using the publicly released OCT2017 dataset 

comprising 84,484 images, their model achieved an ac-

curacy of 96.6%, establishing a benchmark for auto-

mated retinal disease classification12.  

Subsequent studies have explored various architectures 

to improve upon this baseline. Elkholy and Marzouk ap-

plied a VGG-16 convolutional neural network with fine-

tuning on the OCT2017 dataset, achieving an accuracy 

of around 94%. After fine-tuning their model’s parame-

ters to produce optimal results, their final accuracy was 

approximately 97%13. This study showed that utilizing 

transfer learning along with fine-tuning strategies can 

result in successful classification of OCT images; how-

ever, it should be noted that this study had slightly lower 

performance than the original benchmark from Ker-

many et al. More recently, Gulati et al. proposed an en-

semble method combining MobileNet, VGG-16, and 

Xception for feature extraction followed by CNN for 

classification. Their MobileNet-based ensemble model 

achieved an average accuracy of 95.34% on the 

OCT2017 dataset, demonstrating that ensemble meth-

ods can improve classification performance via the use 

of complementary features from multiple architec-

tures14. Class imbalance across disease categories are 

not addressed properly leading to bias within the model 

performance towards the larger classes. Classification of 

drusen (early AMD) remains particularly challenging due 

to subtle features that can resemble healthy retinal tis-

sue, yet detailed error analysis for this class is rarely pro-

vided. Confidence intervals and statistical significance 

testing are rarely reported, making it difficult to deter-

mine whether observed performance differences are 

meaningful. Feature importance analysis identifying 

which retinal structures drive model predictions is also 

largely missing, which limits clinical interpretability. De-

spite these advances, several methodological gaps re-

main. Many validation studies use single train-test splits 

without cross-validation, limiting the statistical reliabil-

ity of reported performance measures. Class imbalance 

across disease categories is often unaddressed, intro-

ducing bias towards larger classes. The drusen class re-

mains particularly challenging due to subtle features 

that can resemble healthy retinal tissue, yet detailed er-

ror analysis for this class is rarely provided. Calibration 

metrics such as ECE and Brier score, which are critical 

for clinical deployment, are rarely reported. Finally, re-

producibility is often limited by the absence of fixed ran-

dom seeds, shared code, and model checkpoints. 

To address these gaps, this study provides a comprehen-

sive evaluation of two deep learning architectures for 

OCT-based retinal disease classification. The evaluation 

includes robust performance assessment through five-

fold stratified cross-validation, class-weighted focal loss 

to mitigate class imbalance, detailed class-wise analysis, 
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and cross-validation confidence intervals. We hypothe-

sized that DenseNet201 with appropriate loss weighting 

would achieve high accuracy in classifying retinal dis-

eases, while the drusen class would remain the most 

challenging category. All code, trained weights, and pre-

processing scripts are shared to support reproducibility. 

 

Material and Methods 

The following subsections detail the dataset, prepro-

cessing steps, model architectures, training strategy, 

and evaluation framework. All settings were chosen to 

allow others to repeat the work, to avoid bias, and to 

maintain high methodological standards. 

 

Dataset Description 

The study utilized the publicly available OCT2017 da-

taset introduced by Kermany et al., comprising 84,484 

retinal optical coherence tomography (OCT) images cat-

egorized into four clinically relevant classes: choroidal 

neovascularization (CNV), diabetic macular edema 

(DME), drusen associated with early-stage age-related 

macular degeneration (AMD), and normal retinal im-

ages. The dataset was provided with predefined patient-

independent training and test partitions to minimize 

data leakage and ensure unbiased evaluation. Five-fold 

stratified cross-validation was performed exclusively on 

the training set for hyperparameter tuning, model selec-

tion, and early stopping. The distribution of samples 

across dataset partitions is summarized in Table 1. 

 

Class Training Test Total 

CNV 37,205 250 37,455 

DME 11,348 250 11,598 

DRUSEN 8,616 250 8,866 

NORMAL 26,315 250 26,565 

TOTAL 83,484 1000 84,484 

Table 1. Class distribution of the OCT2017 dataset used 

in this study (the test partition is part of the dataset but 

was not used in the reported evaluation). 

 

A perceptual hash (pHash) deduplication check was 

additionally performed to identify potential near-

duplicate OCT images across dataset partitions. No 

near-duplicate image pairs (Hamming distance ≤ 5) were 

detected between training and test sets, further 

supporting the robustness of the official patient-

independent split. 

 

Data Preprocessing 

A standardized preprocessing pipeline was applied to all 

OCT images. Images were resized to 224 × 224 pixels 

using bilinear interpolation while preserving 

diagnostically relevant retinal microstructural features. 

Because OCT images are grayscale, each image was 

replicated across three identical channels to match the 

input requirements of ImageNet-pretrained 

convolutional neural networks. Pixel intensities were 

normalized using the ImageNet mean ([0.485, 0.456, 

0.406]) and standard deviation ([0.229, 0.224, 0.225]) 

applied identically across all three channels. To reduce 

overfitting and improve generalization, online data 

augmentation was applied exclusively to the training 

set. The augmentation pipeline included random 

horizontal flipping (50% probability), random rotations 

up to ±15°, and mild brightness and contrast 

adjustments (±10%). These augmentations were 

selected to simulate realistic acquisition variability while 

preserving pathological retinal morphology. 

Transformations that could distort anatomical 

orientation, such as vertical flipping, were intentionally 

excluded. Validation and test images underwent only 

resizing and normalization without augmentation. 

 

Model Architectures 

Two deep learning architectures were evaluated in this 

study: DenseNet201 and an attention-based ensemble 

model. All architectures were initialized using 

ImageNet-pretrained weights and subsequently fine-

tuned on the OCT2017 dataset using transfer learning. 

 

DenseNet201 

DenseNet20115 is a densely connected convolutional 

neural network in which each layer receives feature 

maps from all preceding layers through feed-forward 

connections. This dense connectivity promotes feature 

reuse, improves gradient propagation, and mitigates 

the vanishing gradient problem. DenseNet201 was 

selected because its dense connectivity enables 
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efficient feature reuse with comparatively fewer 

parameters than conventional deep CNN architectures. 

The original classification head was replaced with a 

custom classifier comprising global average pooling, a 

fully connected projection layer (1920 → 512 units), 

batch normalization, ReLU activation, dropout (rate = 

0.3), and a final linear layer (512 → 4 units). Softmax 

activation was applied to obtain class probabilities. The 

deeper DenseNet layers were selectively unfrozen for 

fine-tuning, while earlier layers remained frozen to 

preserve general ImageNet feature representations and 

stabilize optimization. 

 

Attention-Based Ensemble Model 

The ensemble model combined EfficientNet-B3 and 

ResNet50 to leverage complementary feature 

representations. EfficientNet-B3 provided 

computationally efficient feature extraction through 

compound scaling, while ResNet50 contributed robust 

residual feature learning. Each backbone generated a 

256-dimensional embedding through a projection layer 

with dropout (rate = 0.3) and ReLU activation. The 

embeddings were concatenated into a unified 512-

dimensional feature vector. A scaled dot-product 

attention mechanism was then applied to enhance 

complementary feature interactions between 

EfficientNet-B3 and ResNet50 representations. The 

fused representation was passed through a classifier 

consisting of a fully connected layer (512 → 256 units), 

batch normalization, ReLU activation, dropout (rate = 

0.4), and a final linear layer (256 → 4 units). The 

ensemble model was retained primarily for 

architectural comparison, while the revised 

experimental analysis focused on DenseNet201 due to 

its superior and more stable performance. Importantly, 

the ensemble model results presented in Table 2 were 

produced using the original two-fold cross-validation 

protocol, whereas DenseNet201 was evaluated under 

the revised five-fold stratified cross-validation protocol. 

Because the two models were not evaluated under 

identical validation conditions, any metric-level 

comparison between them should be interpreted as 

exploratory rather than definitive. 

 

Training and Cross validation  

All models were implemented in PyTorch (version 2.0). 

These models trained in a cloud-based environment 

using Kaggle, which provides GPU acceleration for deep 

learning workloads. Identical training settings were 

applied across models to ensure fair comparison. The 

AdamW optimizer was used with an initial learning rate 

of 1×10−4 and weight decay of 1×10−4, Its decoupled 

weight decay mechanism improves generalization 

performance. Training was performed using a batch size 

of 128. 

L =  − ∑ yclog (ŷc)

4

c=1

 

 

Class-weighted focal loss was used as the primary 

optimization objective to mitigate class imbalance, 

particularly for the DRUSEN category. Per-class weights 

were computed as the inverse of class frequencies and 

normalized to sum to the number of classes. The focal 

loss formulation is given by: 

𝐹𝐿(𝑝𝑡) =  −𝛼𝑡(1 − 𝑝𝑡)𝛾log (𝑝𝑡) 

where αₜ represents the class weight, γ denotes the fo-

cusing parameter (γ = 2), and pₜ corresponds to the pre-

dicted probability of the true class. This formulation as-

signs greater emphasis to difficult and minority-class ex-

amples while down-weighting easily classified samples. 

A cosine annealing scheduler was employed to gradually 

reduce the learning rate during optimization. Mixed-

precision training was enabled to accelerate computa-

tion and reduce GPU memory usage. Each model was 

trained for a maximum of 15 epochs. Early stopping was 

applied if validation accuracy failed to improve for four 

consecutive epochs, and the model weights correspond-

ing to the best validation accuracy were retained. Five-

fold stratified cross-validation was performed exclu-

sively on the training set while preserving class distribu-

tion across folds. Each fold used 80% of the data for 

training and 20% for validation. Final performance met-

rics are reported as the mean ± standard deviation 

across all five folds. To improve reproducibility, random 

seeds were fixed throughout all experiments (Python = 

42, NumPy = 42, PyTorch = 42, CUDA deterministic 

mode enabled). 
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Evaluation Metrics 

Several complementary metrics chosen for multi‑class 

tasks were used to assess model performance. Macro-

averaged precision, recall, and F1-score were computed 

to give equal weight to each class regardless of fre-

quency. The area under the ROC curve (AUC) was com-

puted in a one-vs-rest (OvR) manner for each class and 

averaged (macro-AUC). Average precision (AP) was 

computed from precision-recall curves. Cohen's kappa 

(κ) measures inter-rater agreement corrected for 

chance and is computed as: 

𝑘 =  
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
 

where P_o is the observed accuracy and P_e is the 

expected accuracy under chance agreement based on 

marginal class frequencies. Values above 0.80 are 

generally considered to reflect strong agreement. The 

Matthews Correlation Coefficient (MCC) is a balanced 

metric that accounts for all four cells of the confusion 

matrix and is robust to class imbalance; for multiclass 

problems it is computed as the geometric mean 

correlation across all classes. Both metrices were 

included because accuracy alone can be misleading 

under class imbalance. 

Calibration was assessed using the Expected Calibration 

Error (ECE) and Maximum Calibration Error (MCE), 

computed over 10 equal-width bins, and the Brier score. 

Reliability diagrams with bin counts and 95% bootstrap 

confidence bands are provided. Bootstrapped 95% 

confidence intervals (1,000 resamples) were computed 

for all per-class metrics. 

Accuracy measures the proportion of correctly classified 

images out of all images in the dataset. 

Accuracy =  
TP + TN

TP + TN + FP + FN
 

where TP represents true positives, TN represents true 

negatives, FP represents false positives, and FN 

represents false negatives. 

Precision measures how many of the predicted positive 

cases are actually correct, while recall measures how 

many of the actual positive cases are correctly 

identified. 

Precision =  
TP

TP+FP
   Recall =  

TP

TP+FN
 

Specificity is the proportion of correctly predicted 

negative samples among all actual negative samples. 

F1 =  2 ∗
(Precision ∗ Recall)

Precision + Recall
 

Specificity is the proportion of correctly predicted 

negative samples among all actual negative samples. 

Specificity =
TN

TN + FP
 

A confusion matrix was used for class-wise error 

analysis. Receiver operating characteristic (ROC) curves, 

precision-recall curves, and calibration curves were 

additionally employed to provide a comprehensive 

evaluation of model performance. 

To quantify uncertainty, 95% confidence intervals were 

computed: 

CI =  p̂ ±  z0.025√
p̂(1 − p̂)

n
 

where p ̂ represents the observed proportion (such as 

accuracy), n is the total number of samples, and z_0.025 

is the z-score corresponding to a 95% confidence level 

(approximately 1.96). 

 

Statistical Analysis 

Performance variability was quantified using mean ± 

standard deviation across the five stratified cross-

validation folds. Confidence intervals were additionally 

estimated from fold-wise performance statistics to 

assess model stability and uncertainty. All experiments 

were implemented using Python 3.12 with PyTorch 2.0, 

scikit-learn, NumPy, SciPy, Matplotlib, and Seaborn. 

 

Results 

Overall Model Performance 

DenseNet201 was evaluated using five-fold stratified 

cross-validation, while the ensemble results were 

retained from the original two-fold validation protocol 

for comparative reference. Unless otherwise stated, all 

results reported in this section (Tables 2-4 and Figures 

1-7) are derived from five-fold cross-validation on the 

training set. DenseNet201 demonstrated superior 

overall performance across all evaluated metrics (Table 

2). The proposed model achieved a mean cross-

validation accuracy of 96.69% ± 0.10% with highly 
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consistent fold-wise performance (Table 3). Per-fold 

accuracies were 96.69%, 96.57%, 96.75%, 96.83%, and 

96.62%, indicating strong training stability and 

generalization consistency. The DenseNet201 model 

additionally achieved a macro F1-score of 0.9531, macro 

precision of 0.9489, and macro recall of 0.9576, 

demonstrating balanced multiclass classification 

performance. Cohen’s kappa coefficient (κ = 0.9510) 

and Matthews correlation coefficient (MCC = 0.9510) 

further confirmed strong agreement between predicted 

and ground-truth labels despite class imbalance. 

Calibration analysis demonstrated reliable probabilistic 

predictions, with an Expected Calibration Error (ECE) of 

0.0112 and a Brier score of 0.0135. 

Metric DenseNet201 (5-fold CV) Ensemble (2-fold CV) Exploratory 

Comparison Accuracy 96.69% ± 0.10% 94.82% ± 0.18% DenseNet201 

95% CI [96.57, 96.82%] [94.60, 95.04%] DenseNet201 

Macro F1 0.9531 0.9312 DenseNet201 

Macro Prec. 0.9489 0.9285 DenseNet201 

Macro Recall 0.9576 0.9341 DenseNet201 

ROC-AUC 0.9949 0.9901 DenseNet201 

Cohen κ 0.9510 0.9286 DenseNet201 

MCC 0.9510 0.9288 DenseNet201 

ECE 0.0112 0.0198 DenseNet201 

Brier Score 0.0135 0.0241 DenseNet201 

Table 2: Comparative performance analysis of DenseNet201 and the attention-based ensemble model. Note: Ensemble 

results are retained from the original submission using 2-fold cross-validation and are included for architectural compar-

ison only. DenseNet201 results correspond to the revised 5-fold stratified cross-validation protocol. 

 

 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accu-

racy (%) 

Std Dev 95% CI 

96.69 96.57 96.75 96.83 96.62 96.69 0.10 [96.57%, 

96.82%] Table 3: Per-fold validation accuracy (%) for DenseNet201 using 5-fold stratified cross-validation. 

 

 

Class Precision Recall F1-Score AUC F1 95% CI Recall 95% CI 

CNV 0.985 0.971 0.978 0.997 [0.977, 0.979] [0.969, 0.973] 

DME 0.953 0.963 0.958 0.996 [0.956, 0.961] [0.960, 0.967] 

DRUSEN 0.880 0.917 0.898 0.989 [0.894, 0.903] [0.911, 0.923] 

NORMAL 0.977 0.979 0.978 0.998 [0.977, 0.979] [0.977, 0.981] 

 Table 4: Per-class performance metrics for DenseNet201 with 95% confidence intervals (5-fold CV). 
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Figure 1: Confusion matrix of DenseNet201 for four-class OCT classification. Left: absolute confusion matrix counts. Right: 

row-normalized confusion matrix proportions. 

 

 

Figure 2: Per-class accuracy, precision, recall, and F1-score for DenseNet201 across the four OCT categories. 

 

Confusion Matrix Analysis 

The confusion matrix for DenseNet201 is presented in 

Figure 1, including both absolute counts and row-nor-

malized class proportions. The model achieved strong 

classification performance across all retinal disease cat-

egories. CNV, DME, and NORMAL classes achieved recall 

values of 97.1%, 96.3%, and 97.9%, respectively. The 

DRUSEN class demonstrated comparatively lower recall 

(91.7%), with most misclassifications occurring as NOR-

MAL cases. This finding is clinically plausible because 

early-stage drusen deposits often exhibit subtle OCT 

characteristics that closely resemble healthy retinal tis-

sue. Importantly, DRUSEN recall improved substantially 

relative to the original baseline performance (84.3%). 

This improvement was likely facilitated by the class-

weighted focal loss strategy employed during training, 

which improved minority-class sensitivity under class 

imbalance. 

 

Per-Class Performance Analysis 
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Table 4 summarizes the per-class accuracy, precision, 

recall, F1-score, AUC, and corresponding 95% confi-

dence intervals for DenseNet201. Overall, the model 

showed consistently strong performance across all four 

OCT categories, with class-wise accuracy remaining 

above 91%. For the CNV class, the model achieved a pre-

cision of 0.985, recall of 0.971, and F1-score of 0.978, 

with an AUC of 0.997. Similarly, the DME class achieved 

strong performance, with precision, recall, and F1-score 

values of 0.953, 0.963, and 0.958, respectively (AUC = 

0.996). The NORMAL class produced the best overall re-

sults, achieving precision and recall values of 0.977 and 

0.979, respectively, together with an F1-score of 0.978 

and an AUC of 0.998. Among all classes, DRUSEN re-

mained the most challenging category. The model 

achieved a precision of 0.880, recall of 0.917, and F1-

score of 0.898, with an AUC of 0.989. Most DRUSEN er-

rors occurred when images were classified as NORMAL, 

which is clinically understandable because early-stage 

drusen deposits often appear visually similar to healthy 

retinal tissue in OCT scans. Nevertheless, the relatively 

narrow 95% confidence intervals ([0.894, 0.903] for F1-

score and [0.911, 0.923] for recall) indicate that the ob-

served DRUSEN performance was stable across the 

cross-validation folds rather than being influenced by a 

single validation split. 

 

Receiver Operating Characteristic (ROC) Analysis 

The ROC curves for all four retinal disease categories are 

shown in Figure 3. DenseNet201 demonstrated excel-

lent discriminative performance across all classes, with 

AUC values of 0.997 for CNV, 0.996 for DME, 0.989 for 

DRUSEN, and 0.998 for NORMAL images. The overall 

macro-averaged AUC reached 0.9949, indicating highly 

reliable class separability. Among the evaluated catego-

ries, CNV, DME, and NORMAL achieved near-perfect 

ROC characteristics, with curves closely approaching the 

upper-left corner of the plot. Although the DRUSEN class 

produced a slightly lower AUC compared with the re-

maining classes, its value of 0.989 still reflects strong 

discriminative capability. This comparatively reduced 

performance is consistent with the subtle structural ap-

pearance of early-stage drusen deposits, which may 

overlap visually with normal retinal morphology in OCT 

images. Overall, the ROC analysis confirms that Dense-

Net201 provides highly robust classification perfor-

mance across all retinal disease categories. 

 

Precision-Recall Analysis 

Precision–recall curves for all four retinal disease 

categories are presented in Figure 4. DenseNet201 

achieved excellent precision–recall performance across 

all classes, with average precision (AP) values of 0.999 

for CNV, 0.998 for DME, 0.970 for NORMAL, and 0.920 

for DRUSEN. The CNV and DME classes maintained near-

perfect precision across almost the entire recall range, 

indicating highly reliable detection performance with 

very few false-positive predictions. The NORMAL class 

also demonstrated strong and stable behaviour, with 

only a slight reduction in precision at very high recall 

levels. Among all categories, DRUSEN remained the 

most challenging class, showing a gradual decline in 

precision as recall increased. This behaviour reflects the 

subtle and heterogeneous appearance of early-stage 

drusen deposits in OCT scans, which may overlap 

visually with normal retinal structures. Nevertheless, 

maintaining higher recall for DRUSEN is clinically 

desirable because missed early-stage AMD-related 

abnormalities may delay diagnosis and treatment. In 

practical screening or triage settings, a moderate 

increase in false positives is generally preferable to 

overlooking pathological cases. Overall, the precision–

recall analysis further supports the robustness of 

DenseNet201 for multiclass retinal disease 

classification, particularly under class imbalance 

conditions. 

 

Calibration Analysis 

Reliability diagrams for all four retinal disease 

categories are shown in Figure 5. Overall, DenseNet201 

demonstrated strong calibration performance, with a 

macro Expected Calibration Error (ECE) of 0.0112, 

indicating close agreement between predicted 

probabilities and actual classification accuracy. The CNV 

and NORMAL classes exhibited the best calibration 

behaviour, with ECE values below 0.010 and prediction 

curves closely following the ideal diagonal reference 

line. The DME class also showed highly consistent 
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probability calibration across confidence bins. Among all 

categories, the DRUSEN class displayed slightly higher 

calibration error (ECE = 0.019), reflecting greater 

uncertainty in predictions for subtle early-stage 

pathological features. This behaviour is expected 

because drusen lesions often present with less distinct 

OCT characteristics compared with more advanced 

retinal abnormalities. The low overall Brier score 

(0.0135) further supports the reliability of the predicted 

probabilities generated by DenseNet201. Collectively, 

these findings suggest that the model not only achieves 

strong classification accuracy but also produces 

clinically meaningful confidence estimates, which may 

be valuable for assisting ophthalmologists in screening 

and diagnostic decision-making. 

 

 

Figure 3: Per-class accuracy, precision, recall, and F1-score for DenseNet201 across the four OCT categories. 

 

 

Figure 4: Precision–recall curves for DenseNet201 across the four OCT disease categories. 
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Figure 5: Reliability diagrams and calibration analysis for DenseNet201 across the four OCT disease categories. The 

dashed diagonal line represents perfect calibration. 

 

 

Figure 6: Learning curves showing training and validation accuracy (top row) and loss (bottom row) across all five folds 

of DenseNet201. The dashed vertical line indicates the epoch corresponding to the best validation accuracy for each fold. 

 

 

Learning Behavior 

The learning curves for all five cross-validation folds are 

presented in Figure 6. Across all folds, the training and 

validation accuracy curves followed stable and con-

sistent trends, indicating reliable optimization behavior 

during training. Validation accuracy converged between 

96.57% and 96.83%, demonstrating strong reproducibil-

ity across the stratified folds. Training accuracy gradu-

ally increased to approximately 99.7%, while validation 

accuracy stabilized around 96.7%. Although a modest 



 

 

11 22.06.2026 Original Article. Deep Learning to Classify Retinal Diseases from OCT. Foma Molchanov, Sukhwant Pal 

gap remained between training and validation perfor-

mance, the gap was consistent across folds and did not 

increase substantially during later epochs, suggesting 

that severe overfitting was successfully avoided. The 

combination of dropout, batch normalization, data aug-

mentation, and early stopping contributed to stable 

model generalization. The validation loss curves also 

showed consistent behavior, with loss values decreasing 

steadily before reaching stable plateaus in later epochs. 

Fold 4 exhibited slightly earlier convergence compared 

with the remaining folds, and early stopping selected 

epoch 14 as the optimal checkpoint for that fold. Over-

all, the learning curves indicate that DenseNet201 

achieved stable convergence and robust generalization 

performance throughout the five-fold training process. 

The annotated validation accuracies shown in Figure 6 

are consistent with the fold-level metrics reported in Ta-

ble 3. 

 

Drusen Class Analysis 

Because DRUSEN classification remained the most chal-

lenging task among all categories, a dedicated class-

level analysis was performed and is presented in Figure 

7. Despite the increased difficulty associated with this 

class, DenseNet201 still achieved strong discriminative 

performance, with a ROC-AUC of 0.989 and an average 

precision (AP) of 0.920. The misclassification analysis 

showed that most DRUSEN errors occurred when im-

ages were predicted as NORMAL rather than as other 

retinal disease categories. This finding is clinically rea-

sonable because early-stage drusen deposits can appear 

subtle in OCT scans and may closely resemble healthy 

retinal tissue, particularly when the deposits are small 

or sparsely distributed. Importantly, the model achieved 

a DRUSEN recall of 91.7%, representing a clear improve-

ment over the original baseline performance. From a 

clinical perspective, maintaining high sensitivity for 

early AMD-related abnormalities is especially important 

because missed pathological findings may delay diagno-

sis and follow-up care. Overall, these results indicate 

that DenseNet201 can reliably detect DRUSEN cases de-

spite the inherent visual similarity between early-stage 

pathology and normal retinal anatomy. Future improve-

ments may further benefit from architectures designed 

to capture subtle local retinal features, such as multi-

scale feature extraction or attention-based mecha-

nisms. 

 

Figure 7: DRUSEN class deep-dive analysis for DenseNet201, including ROC curve, precision–recall curve, and misclassifi-

cation distribution. 
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Model Method  Accuracy CV Protocol Ref 

Inception-v3 Transfer learning 96.6% Single split 12 
VGG-16 Fine-tuning 94.0% Single split 13 

MobileNet + CNN Ensemble Ensemble + feature 

fusion 

95.34% Single split 14 
ViT (hybrid) Vision Transformer 97.1% Single split 4 

DenseNet201 Transfer + focal loss 96.69% ± 0.10% 5-fold stratified CV Current study 

Table 5: Comparison of the proposed DenseNet201 framework with previously reported studies on the OCT2017 dataset. 

 

Comparison with Prior Work 

Table 5 compares the performance of the proposed 

DenseNet201 model with previously published studies 

on the OCT2017 dataset. The proposed approach 

achieved an overall accuracy of 96.69% ± 0.10% using 

five-fold stratified cross-validation, which compares 

favourably with earlier CNN-based approaches such as 

VGG-16 (94.0%) and the MobileNet-based ensemble 

model (95.34%), and is broadly comparable to the 

widely cited Inception-v3 benchmark reported by 

Kermany et al. (96.6%). It should be noted that Kim & 

Tran (2020), a relevant CNN ensemble study on OCT 

classification, reported high classification performance 

on this dataset; however, direct numerical comparison 

with that study is complicated by differences in 

validation protocol and test-set handling. More recent 

Vision Transformer (ViT)-based hybrid approaches have 

reported slightly higher accuracy values (97.1%). 

However, many previous studies relied on single train-

test splits, making direct comparison difficult. In 

contrast, the present study employed five-fold stratified 

cross-validation together with confidence interval 

analysis, providing a more robust assessment of model 

stability and generalisation performance. In addition to 

strong overall accuracy, the proposed DenseNet201 

framework demonstrated reliable calibration, improved 

minority-class sensitivity through class-weighted focal 

loss, and stable fold-wise behaviour across repeated 

validation splits. These findings suggest that 

conventional convolutional architectures, when 

combined with appropriate imbalance-handling and 

calibration strategies, remain highly competitive for 

OCT-based retinal disease classification.able 5 

compares the proposed DenseNet201 model with 

previously reported results on the OCT2017 dataset. 

The proposed model achieves 96.69% ± 0.10% accuracy 

under five-fold cross-validation, outperforming VGG-16 

(94.0%) and the MobileNet ensemble (95.34%), and 

remaining highly competitive with the Inception-v3 

benchmark of Kermany et al. (96.6%) and hybrid ViT 

approaches (97.1%). Importantly, unlike most prior 

studies which report single-split results, the present 

results are derived from five-fold stratified cross-

validation with bootstrapped confidence intervals, 

providing a more statistically rigorous basis for 

comparison. Direct numerical comparison with prior 

work should be interpreted cautiously as reported test-

set compositions differ across studies. 

 

Discussion 

The proposed DenseNet201 model achieved a mean 

five-fold cross-validation accuracy of 96.69% ± 0.10%, 

confirming its effectiveness for multi-class retinal dis-

ease classification. The narrow confidence interval 

[96.57%, 96.82%] and low fold-to-fold standard devia-

tion (0.10%) demonstrate that results are stable and not 

driven by any single favorable data split, directly ad-

dressing reviewer concerns about the reliability of the 

original two-fold protocol. Strong agreement metrics (κ 

= 0.9510, MCC = 0.9510) and well-calibrated probabilis-

tic output (ECE = 0.0112) further reinforce the model's 

suitability for clinical decision support. 

The experimental results confirm near-perfect perfor-

mance for CNV, DME, and normal classes, reflecting the 

ability of dense convolutional architectures to capture 

distinct structural pathological features such as sub-

retinal fluid and neovascular formations. The drusen 

class represents the primary limitation, consistently 
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showing reduced performance across all evaluation 

metrics. This can be attributed to the subtle morpholog-

ical characteristics of drusen, its high visual similarity to 

normal retinal structures, and its early-stage nature. Im-

portantly, the introduction of class-weighted focal loss 

improved drusen recall from 84.3% to 91.7%, directly 

demonstrating the value of explicit imbalance handling. 

Future work should investigate multi-scale feature ex-

traction, attention mechanisms targeted at subtle sub-

retinal deposits, and prototype-based interpretability 

approaches to further improve drusen detection. 

Calibration analysis confirmed that the model produces 

reliable probability estimates for CNV and normal clas-

ses (ECE < 0.010), while slight miscalibration was ob-

served for drusen (ECE = 0.019). Post-hoc temperature 

scaling could be applied in future work to further im-

prove calibration for early-stage conditions. From a clin-

ical perspective, high sensitivity for CNV and DME high-

lights the strong potential of the proposed approach as 

a triage tool for vision-threatening conditions requiring 

timely intervention. 

This study has several limitations that should be 

acknowledged. First, the OCT2017 dataset originates 

from a single institution using a single OCT device type, 

which may limit generalizability to other clinical set-

tings. External validation on multicenter datasets ac-

quired with different OCT devices is necessary before 

clinical deployment. Second, the current model oper-

ates at the image level; patient-level aggregation across 

B-scan volumes would be required for clinical applicabil-

ity, but is not feasible with the currently available 

metadata. Third, the drusen class encompasses both 

small hard drusen and larger soft drusen, which carry 

different prognostic significance; the current model can-

not distinguish between these subtypes. Finally, while 

Transformer-based approaches have shown strong per-

formance on OCT tasks, systematic comparison with ViT 

and hybrid architectures was beyond the scope of this 

study and is proposed as future work. 
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