
 

 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Engineering 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

 

JTE, Volume 21, Issue 01, 02/2026 91 
 

Retinal Diseases Classification From OCT Images Using Pretrained Dual-

Encoder Architecture 

Ngo Quang Huy2 , Hoang Thai Xuan Khoa1 , Le Van Vinh1*  
1Ho Chi Minh City University of Technology and Engineering, Vietnam 

2International University, VNU-HCM, Vietnam 

*Corresponding author. Email: vinhlv@hcmute.edu.vn 

ARTICLE INFO ABSTRACT 

Received:  29/12/2025 Retinal diseases, such as age-related macular degeneration (AMD), 

diabetic retinopathy (DR), and glaucoma, are leading causes of irreversible 

vision loss, making early and accurate diagnosis essential for effective 

treatment. Optical coherence tomography (OCT) provides high-resolution 

cross-sectional retinal images that support disease assessment; however, 

many challenges still remain due to noise and artifacts in images or 

complex retinal structures. In this study, we propose a dual-encoder 

framework for retinal disease classification from OCT B-scan images by 

jointly leveraging two pretrained foundation models: RETFound and 

MIRAGE. Following standardized preprocessing and resampling, high-

quality features extracted from the encoders are combined for the final 

classification tasks. To mitigate overfitting on limited medical data, the 

RETFound encoder is frozen during training to preserve general visual 

features, whereas the MIRAGE encoder is fine-tuned to adapt to specific 

classification objectives. Extensive experiments conducted on seven public 

OCT benchmark datasets demonstrate that the proposed method 

outperforms single-encoder baselines on the majority of benchmarks. The 

framework achieved an average balanced accuracy (BAcc) of 89.8%, an 

F1-score of 90.7%, and a Matthews Correlation Coefficient (MCC) of 

83.9%. These results confirm the effectiveness of combining 

complementary pretrained encoders for robust and generalizable retinal 

disease classification in clinical settings. 
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1. Introduction 

Retinal diseases such as age-related macular degeneration (AMD), diabetic retinopathy (DR), and 

glaucoma are major causes of vision impairment and blindness [1]. Thus, early diagnosis and monitoring 

are beneficial in preventing permanent vision loss. The classification of retinal diseases from images 

significantly supports the disease detection and helps clinicians identify related abnormalities more 

efficiently. Various imaging techniques are used for the diagnosis and study of retinal diseases, including 

color fundus photography (CFP), scanning laser ophthalmoscopy (SLO), and three-dimensional optical 

coherence tomography (OCT) [2]. While CFP and SLO are mainly used to identify characteristic surface 

lesions such as microaneurysms, hemorrhages, and abnormal blood vessels, OCT provides high-

resolution images (B-scans) supporting the assessment of retinal layer structures.  

Early approaches for the classification of retinal diseases in images are mainly based on classical 

machine learning methods. A classification method using Support Vector Machines and Histogram of 

Oriented Gradients (HOG) descriptors was proposed in [3]. Similarly, the work in [4] is based on a 

Bayesian network classifier to analyze OCT to detect AMD disease. However, a major limitation of 

these methods is the dependence on manually designed features tailored to specific diseases, and the 

sensitivity to noise. 

Deep learning techniques enable the ability to automatically learn feature representations from data, 

providing high quality performance in medical image analysis. Convolutional neural network (CNN) 
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architectures such as VGG-16 [5], ResNet [6], Inception-V3 [7], Inception-ResNet-v2 [8] and OCTNET 

[9] are able to perform disease classification tasks for images effectively. Furthermore, deep learning 

has demonstrated significant success in other complex medical imaging tasks, such as COVID-19 chest 

CT segmentation using attention mechanisms [10] and robust unified frameworks for liver tumor 

analysis [11]. However, those techniques mainly focus on local patterns of images and lack global 

attention. Some approaches, e.g., [12], [13], apply Vision Transformer (ViT) [14] for the retinal 

classification. The model uses a self-attention mechanism that allows capturing global context across 

the entire retinal image. A group of studies (e.g., RETFound [15], REMEDIS [16]) has focused on the 

development of Foundation Models for a wide range of image analysis tasks. These models are trained 

based on different techniques such as masked autoencoder [17], contrastive learning [18], or self-

distillation [19], [20] which are designed to learn features from unlabeled data to create generalizable 

models. RETFound is based on a masked autoencoder where the encoder uses a large Vision 

Transformer. Otherwise, REMEDIS applies a contrastive learning algorithm in its classification process. 

Recent studies use multimodal learning models that combine multiple types of input data, such as 

OCT, CFP, SLO images, disease descriptions, and expert knowledge [21], [22], [23], [24], [25]. 

However, existing multimodal models are unstable when one input modality is missing. MIRAGE 

model [26] addresses the issue through a Paired Multimodal MAE (Paired MultiMAE) mechanism [27], 

which is designed to learn detailed representations from OCT, SLO, and segmentation maps (pseudo-

labels), and still works effectively when some input modalities are absent. 

Despite the efforts, the noise and artifacts, or the complex structure of the retina still pose many 

research challenges. Motivated by recent studies, we propose a classification method for retinal diseases 

from OCT images which is based on a pretrained dual-encoder architecture. The proposed method 

jointly combines two pretrained encoders of MIRAGE and RETFound to utilize the strength of two 

models. Output features from the encoders are concatenated and passed through a fully connected layer 

for predicting the disease labels. Experimental results on available benchmarking datasets show the 

strength of the proposed method compared to baseline approaches. 

The rest of this paper is organized as follows. Section 2 describes the proposed method, including 

data preprocessing and the dual-encoder architecture combining RETFound and MIRAGE. Section 3 

presents the experimental results. The final section is for conclusion. 

2. Method 

 

Figure 1. Overall architecture of the proposed method. 
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The proposed model for retinal disease classification from OCT B-scan images, presented in Figure 

1, utilizes a dual-encoder architecture of two pretrained encoders, RETFound and MIRAGE. Feature 

vectors extracted from the encoders are then aggregated to form a meaningful representation before 

being fed into the final classification layer. The proposed method consists of three phases: (1) Data 

Preprocessing, (2) Feature Extraction, and (3) Feature fusion and Classification. 

2.1. Data preprocessing  

In order to provide suitable inputs for the dual-encoder architecture, we apply a preprocessing stage 

consisting of two steps: (1) Standardization, and (2) Resampling. 

Step 1: Standardization 

In order to eliminate non-informative noisy regions, such as excessive black borders or edge artifacts, 

and focus on the central structures of the retina, we crop the images to extract the largest possible square 

region from each original image. In particular, with an input image Iraw with dimensions  W x H, the 

crop size is defined as S = min(W, H) - b, where b represents a margin parameter. This technique allows 

us to extract a region of interest Icrop of size S x S at the center of the image. It ensures that essential 

information remains while normalizing the  ratio to 1:1. 

Step 2: Resampling 

In this step, we resample the cropped image Icrop using Lanczos method [28] which uses a windowed 

Sinc function and aims to keep edges and high-frequency components, helping preserve the sharpness 

of the image. The method is used separately to resize the images into two target sizes: 224 × 224 pixels 

is for the RETFound encoder and 512 × 512 pixels for MIRAGE. 

2.2. Feature extraction, Fusion and Classification 

This phase uses an architecture of two streams of pretrained encoders. 

The first stream uses RETFound encoder. The encoder is based on a large Vision Transformer (ViT-

large) consisting of 24 Transformer blocks. It  has been trained on 1.6 million retinal images using the 

Masked Autoencoder (MAE), which enables the model to learn major structural features of the retina.  

In the second stream, the encoder from the MIRAGE model (base version) is used. Different from 

RETFound encoder, MIRAGE model applies a paired multimodal pre-training on OCT B-scans, SLO 

images, and retinal layer segmentation images (pseudo-labels). The architecture is also designed to 

handle the case that only one modality is available. When only B-scans images are provided, MIRAGE 

encoder utilizes the latent space previously learned from cross-modal training to construct semantic 

representations. As a result, the output feature vector VMIR could be more robust to noise. 

Two output vectors from the two encoders VRET and VMIR are normalized and concatenated to 

construct joint feature vector VJoint:  

𝑉𝐽𝑜𝑖𝑛𝑡 =  𝐶𝑜𝑛𝑐𝑎𝑡(𝑉𝑅𝐸𝑇 , 𝑉𝑀𝐼𝑅) (1) 

VJoint is fed into a fully connected layer to map the features into the disease labels, and thus producing 

the final prediction. 

2.3. Training strategy and Evaluation metrics 

Between two encoders of the dual encoder architecture, RETFound is a larger model with ~303 

million parameters, while MIRAGE has a smaller structure of ~86 million parameters. Thus, in order to  

help the proposed method preserve general visual features from RETFound encoder, as well as prevent 

overfitting when continuing training on small data, its parameters are frozen during the fine-tuning 

process. In contrast, MIRAGE encoder stream parameters are updated so that the model can adapt to the 

classification objective effectively. 

This work uses different metrics to assess the performance of classification methods including: 

Balanced Accuracy (BAcc), F1-score, Matthews Correlation Coefficient (MCC) [29], [30], [31]. 

Let C be the number of classes, and Recalli be calculated as follows: 
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𝑅𝑒𝑐𝑎𝑙𝑙𝑖  =  
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
 (2) 

BAcc is the mean of the recall achieved for each class and calculated as follows [32]: 

𝐵𝐴𝑐𝑐 =  
1

𝐶
∑ 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝐶

𝑖=1

 (3) 

Besides, F1-score is the mean of precision and recall that balances false positives and false negatives. 

The MCC shows overall classification quality of the models using a confusion matrix. 

3. Experiments and Results 

3.1. Datasets and Experimental Setups 

The proposed method and baseline methods are evaluated on seven benchmarking datasets which are 

used in previous study [26], including Duke iAMD, GAMMA, Harvard Glaucoma, Noor Eye Hospital, 

OCTDL, OCTID, and OLIVES. Table 1 provides detailed descriptions of these datasets. Each dataset, 

containing OCT images, is split into training, validation, test subsets following the same split 

configuration as in MIRAGE. 

Table 1. Benchmarking datasets. 

Datasets Train/Val/Test No. images 
Dimensions 

(pixels) 

No. of 

classes 
Retinal diseases 

Duke iAMD 229/77/77 383 ~1000x512 2 AMD, Control 

GAMMA 60/20/20 100 ~512x992 3 
Glaucoma: early, mid_advanced, 

non 

Harvard 

Glaucoma 
479/121/400 1000 ~300x200 2 Glaucoma: glaucoma, non 

Noor Eye 

Hospital 
88/30/30 148 ~512x496 3 AMD, DME, Normal 

OCTDL 1388/343/332 2063 Variable 7 
AMD, DME, ERM, NO, RAO, 

RVO, VID 

OCTID 316/82/174 572 ~700x500 5 
Anormal, ARMD, CSR, Diabetic 

retinopathy (DR), Macular Hole 

OLIVES 1107/274/209 1590 ~504x400 2 DME, DR 

The model is trained using the cross-entropy loss function incorporating a label smoothing technique 

with a coefficient of ϵ=0.1 to prevent overfitting. AdamW optimizer algorithm is used to optimize the 

model with a learning rate of 1e-5 for the case that the encoders are unfrozen, and lr=1e-3 for  the case 

of the frozen encoders (applied to the trainable classification head). Besides, weight decay is 0.01 and 

the batch size is set to 32. The training process runs for a maximum of 100 epochs with an early stopping 

mechanism and using a patience of 15 epochs if the balanced accuracy values on the validation set do 

not improve.  

The proposed method is compared with MIRAGE and RETFound. The parameters of the two 

baseline models are unfrozen and updated during the fine-tuning process with the benchmarking 

datasets. All experiments were conducted on a server system equipped with an Intel Core i9-13900K 

CPU and 128 GB of RAM, ensuring efficient data loading and processing capabilities. Besides, the 

model training and inference processes were accelerated using an NVIDIA GeForce RTX 4090 GPU 

with 24 GB of VRAM.  
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3.2. Results  

Table 2 presents the average results of the proposed method and two baseline methods on seven 

datasets. It can be seen that the proposed method achieves the best overall performance compared with 

the remaining methods, while RETFound gets the lowest for all metrics. The proposed model gets higher 

average BAcc from 1.8% to 7.7%, average F1-score 1.6% to 7.1%, and average MCC 2.7% to 10.5% 

compared with the other models.  

Table 2. Average results of the proposed method and baseline methods. 

Methods Average BAcc Average F1-score Average MCC 

RETFound 82.1% 83.6% 73.4% 

MIRAGE 88.0% 89.1% 81.2% 

Proposed method 89.8% 90.7% 83.9% 

Table 3, Table 4, and Table 5 present BAcc, F1-score, and MCC values, respectively, of the three 

methods on seven datasets. It can be seen from the tables that the proposed model has the highest BAcc, 

F1-score, and MCC values across five, six, and four of the seven datasets, respectively. 

Separately compared with the MIRAGE model, the proposed method gets better BAcc values on 4 

out of 7 datasets (GAMMA, Harvard Glaucoma, OCTDL, and OLIVES), and has a significant 

improvement on the GAMMA dataset by approximately 11% (from 68.1% to 79.2%). On the Duke 

iAMD and Noor Eye Hospital datasets, the two models achieved comparable BAcc values. OCTID is 

the only where the proposed model gets lower BAcc, F1-score, and MCC values compared with 

MIRAGE. Dataset OCTID is a small dataset (316 training images) but more complex than other datasets 

with 5 categories, while datasets like Duke iAMD, GAMMA, Harvard Glaucoma, Noor Eye Hospital, 

and OLIVES have only 2 to 3 classes. It may lead to the fact that the single model of MIRAGE is better 

than the proposed method which is affected by pre-trained RETFound encoder on the dataset. 

Table 3. BAcc values of RETFound, MIRAGE, and the proposed method. 

Model 
Duke 

iAMD 
GAMMA 

Harvard 

Glaucoma 

Noor Eye 

Hospital 
OCTDL OCTID OLIVES 

RETFound 96.9% 45.8% 75.3% 86.7% 84.9% 91.4% 93.5% 

MIRAGE 96.9% 68.1% 74.6% 96.7% 88.7% 95.4% 95.7% 

Proposed method 96.9% 79.2% 75.7% 96.7% 90.2% 92.6% 97.3% 

Table 4. F1-score values of RETFound, MIRAGE, and the proposed method. 

Model 
Duke 

iAMD 
GAMMA 

Harvard 

Glaucoma 

Noor Eye 

Hospital 
OCTDL OCTID OLIVES 

RETFound 97.4% 47.9% 75.8% 86.4% 89.9% 93.7% 93.8% 

MIRAGE 97.4% 69.8% 74.8% 96.7% 92.5% 96.6% 95.7% 

Proposed method 97.4% 80.6% 76.0% 96.7% 93.2% 94.2% 97.1% 

Table 5. MCC values of RETFound, MIRAGE, and the proposed method. 

Model 
Duke 

iAMD 
GAMMA 

Harvard 

Glaucoma 

Noor Eye 

Hospital 
OCTDL OCTID OLIVES 

RETFound 93.8% 24.6% 51.2% 80.4% 84.9% 91.8% 87.3% 

MIRAGE 93.8% 54.8% 49.1% 95.2% 89.1% 95.5% 91.2% 

Proposed method 93.8% 70.7% 51.5% 95.2% 89.5% 92.5% 94.2% 
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Considering the effectiveness of training strategy into the proposed method, we compare the model 

with its variants Ours_MF_RU, and Ours_MU_RU with different strategies of training, presented in 

Table 6. The two variants are for the case that RETFound encoder parameters are unfrozen. However, 

Ours_MF_RU uses MIRAGE encoder parameters that are frozen, while the ones of Ours_MU_RU are 

unfrozen during the fine-tuning process.  

Table 6. Training strategies of proposed method and its variants. 

Methods MIRAGE Encoder RETFound Encoder 

Ours_MF_RU Frozen Unfrozen 

Ours_MU_RU Unfrozen Unfrozen 

Proposed method Unfrozen Frozen 

The bar chart in Figure 2 shows that the two variants get lower average results for all the metrics 

compared with the proposed method. This suggests that allowing updating parameters of the large 

model, RETFound, with small data leads to a reduction in the effectiveness gained from pretraining on 

a large-scale dataset. In contrast, the case of updating MIRAGE encoder parameters (Ours_MU_RU) 

leads to improved classification performance compared with the case that the encoder parameters are 

frozen. 

 

Figure 2. Performance comparison of the proposed method and its variants across different evaluation metrics. 

Considering computational performance, the proposed method requires a higher number of 

parameters (393.68 M) compared with MIRAGE (86.04 M) and RETFound (303.30 M). Besides, our 

method maintains a throughput of 139.23 FPS compared with 578.46 FPS and 301.93 FPS of MIRAGE 

and RETFound, respectively. 

4. Conclusion   

This study proposes a classification method for retinal diseases from OCT images which is based on 

the fusion of two pretrained encoders of RETFound and MIRAGE. The proposed model is able to extract 

high-quality features by combining the strengths of the single foundation models supporting the final 

labeling task. Experimental results on seven public datasets show that the proposed method achieves 

overall performance improvements compared to using a single model for most cases. However, a 

drawback of the proposed method is requiring high computation cost due to using the dual-encoder. 

Some techniques could be applied in the future to make the model more lightweight. Furthermore, 
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exploring other advanced feature fusion mechanisms to better select useful information instead of simple 

concatenation is also our future research direction. 
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