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Abstract—Optical Coherence Tomography (OCT) plays a vital
role in the early detection and monitoring of tractional retinal
lesions (TRL), providing high-resolution visualization of retinal
structures. However, automated TRL diagnosis remains chal-
lenging due to complex lesion morphology, large low-entropy
background regions, and the scarcity of high-quality labeled data.
Existing Self-Supervised Learning (SSL) approaches often treat
all image patches equally, making them sensitive to background
noise and limiting their ability to capture fine-grained lesion
features. To address these issues, we propose Clustering Hetero-
geneous Masked Image Modeling (CH-MIM), a novel SSL frame-
work tailored for OCT-based TRL analysis. Our method lever-
ages a large-scale clinical dataset containing 11,861 OCT scans
collected over five years, including 3,950 expert-annotated images
across six TRL severity levels (T0–T5). CH-MIM introduces a
Weighted Feature Space Clustering (WFSC) module to selectively
mask high-entropy regions, effectively filtering out irrelevant
background information. A heterogeneous progressive masking
strategy combines binary, Gaussian, and Poisson noise masks to
provide diverse, informative reconstruction tasks. Furthermore,
a Consistency Regularization Module (CRM) enforces stable
predictions across masking branches, improving representation
robustness and transferability to downstream classification. Ex-
tensive experiments demonstrate that CH-MIM achieves a top-1
accuracy of 97.7% and top-5 accuracy of 99.8%, surpassing state-
of-the-art supervised and self-supervised baselines. These results
highlight the potential of CH-MIM as an effective pretraining
strategy for automated TRL screening and its applicability to
broader OCT-based retinal disease diagnosis.

Index Terms—Self-Supervised Learning, Optical Coherence
Tomography, Tractional Retinal Lesions (TRL), Feature Clus-
tering, Consistency Regularization.

I. INTRODUCTION

Optical Coherence Tomography (OCT) uses interferometric
light reflection to provide high-resolution cross-sectional reti-
nal images [1], [2]. It is indispensable for analyzing retinal
layer structures and macular morphology, offering critical
insights into tractional retinal lesions (TRL) [3] and supporting
clinical decisions.
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(a) Feature extraction (b) Entropy heatmaps

(c) Pixel intensity distributions

Fig. 1: Comparison between natural and OCT images in terms of (a) feature
extraction, (b) entropy distribution, and (c) pixel intensity characteristics.

Supervised deep learning has achieved remarkable progress
in medical image analysis [4]–[8]. Multi-task frameworks
perform joint lesion grading and segmentation [9], while
transformer-based relation networks improve lesion localiza-
tion [10]. Fusion models further enhance OCT disease detec-
tion [11] and pathological myopia diagnosis [12]. However,
these models depend on large annotated datasets, which are
costly to obtain.

Self-supervised learning (SSL) leverages abundant un-
labeled OCT data for representation learning. Metadata-
enhanced contrastive learning [13], masked autoencoding [14],
and masked image modeling [15] have achieved promising
results. Core ideas such as attention [16] and convolutional
backbones [17], [18] continue to inspire SSL methods. For
OCT, Theodoros Pissas et al. [19] extended Masked Au-
toencoders (MAE) using multimodal data, while Fatema-E
Jannat et al. [20] employed SwinV2-based MAE to enhance
generalization. Yukun Zhou et al. [21] proposed RETFound,
bridging self-supervised pretraining and downstream OCT
diagnosis, outperforming prior MAE-based methods.

However, as shown in Fig. 1, OCT scans contain extensive
low-entropy regions (highlighted in green in Fig. 1(a) and
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cyan in Fig. 1(b)) that weakly correlate with retinal structures.
Existing patch-wise methods [19] (arrows in Fig. 1(a)) treat all
patches equally, increasing computation and causing non-zero
gradient projections in both lesion and background subspaces.
During pre-activation, the mixture of key and background
features hampers representation learning. Moreover, OCT
pixel intensities often follow a Poisson rather than Gaussian
distribution (see Fig. 1(c)), reflecting OCT’s photon-counting
characteristics. Thus, pretext tasks must account for both
structural and statistical disparities.

To address these limitations, we propose CH-MIM (Clus-
tering Heterogeneous Masked Image Modeling), a self-
supervised framework for TRL detection. It introduces three
key contributions. (1) A clustering-based masking module
automatically identifies high-entropy feature regions using
KMeans [22]. (2) A heterogeneous progressive masking strat-
egy adapts to OCT’s intensity distribution, generating stable
gradient signals and diverse masking patterns beyond binary
masking [21]. (3) A consistency regularization module en-
forces prediction stability across progressive masking stages.

We also construct the largest OCT dataset for pathological
myopia, containing 11,861 scans from the Zhongshan Oph-
thalmic Center (7,911 unlabeled and 3,950 expert-annotated).
It is the first to cover six TRL grades (T0–T5), reflecting
real-world imbalance and clinical difficulty in differentiating
adjacent stages.

The main contributions are summarized as follows:
• CH-MIM: a self-supervised framework for TRL detec-

tion, integrating clustering-based masking and heteroge-
neous progressive masking for effective feature separa-
tion.

• Consistency regularization: enforcing prediction sta-
bility across masking stages to improve robustness and
generalization.

• Comprehensive dataset: a large-scale OCT dataset with
six-grade TRL annotations (T0–T5), supporting pretrain-
ing and evaluation of self-supervised retinal models.

II. METHOD

A. Framework for Self-Supervised Lesion Classification

In the self-supervised learning task for tractional retinal
lesions, key challenges include effective feature extraction,
model learning enhancement, and feature consistency across
different masking strategies. To tackle these challenges, this
paper proposes CH-MIM, a self-supervised neural network
architecture that enhances feature learning through three key
modules: the Weighted Feature Space Clustering Neural Net-
work (WFSC), the Heterogeneous Progressive Masking Mech-
anism (HPM), and the Consistency Regularization Module
Mechanism (CRM). WFSC improves feature learning by
selecting high-entropy lesion regions and filtering out the
background. HPM integrates multiple masking strategies to
progressively increase task complexity, while CRM enforces
prediction consistency, enhancing stability and generalization.
Together, these modules significantly improve the accuracy
and robustness of lesion classification.

B. Weighted Feature Space Clustering Neural Network
(WFSC)

To address low pixel intensity and background interference
in OCT images, we propose the WFSC framework. WFSC
consists of two key steps: feature weight calculation and
feature space clustering. First, the Spatial and Channel Short-
cut Attention Module (SCSAM) assigns dynamic importance
weights to image blocks, using Channel Attention (CA) for
inter-channel weighting and Spatial Attention (SA) for spatial
relationships. Then, feature space clustering optimizes feature
distribution using a weighted Euclidean distance metric, in-
creasing lesion area clustering density while reducing back-
ground interference. This strategy enhances feature represen-
tation, reduces computational complexity, and optimizes OCT
image reconstruction. The feature map F ∈ RC×H×W input
to SCSAM is processed as follows:

F1 = CA(F )⊗ F + F,

F2 = SA(F1)⊗ F1 + F1,
(1)

where ⊗ represents the element-wise multiplication of the
two attention modules with the feature map. Specifically,
each patch Fi ∈ RC×H×W from the feature map is first
passed through the Channel Attention module, which captures
the global inter-channel dependencies via global statistical
pooling. Then, the Multi-Layer Perceptron (MLP) generates
adaptive weights, combined with a residual structure to retain
the original information.

Through SCSAM, the model dynamically adjusts its focus
based on the structural properties of the input data. The
generated weights provide important structured priors for the
clustering process in the high-dimensional feature space.

C. Heterogeneous Progressive Masking Mechanism (HPM)

The traditional 0/1 hard masking strategy often leads to the
loss of critical information in OCT images, especially in fine
structures such as blood vessels and the optic disc. To address
this, we propose the HPM strategy, which gradually increases
masking difficulty to improve lesion region learning. HPM
consists of three stages: Stage 1 employs 0/1 hard masking to
strengthen learning; Stage 2 applies Gaussian noise masking
to capture global features while preserving local structures;
Stage 3 uses Poisson noise masking to simulate light inten-
sity variations, focusing on lesion brightness changes. This
progressive approach enhances feature extraction at multiple
levels, significantly improving the model’s ability to classify
lesion regions in OCT images.

D. Consistency Regularization Module (CRM)

In self-supervised learning, the lack of labeled data can
introduce feature selection bias, particularly with heteroge-
neous progressive masking strategies, leading to inconsistent
predictions and reduced model performance. To address this,
we propose the CRM, which minimizes prediction discrep-
ancies across different branches by aligning their outputs.
This ensures robust feature learning and classification, even
under varying masking and noise conditions. By constraining
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Fig. 2: Overview of the proposed CH-MIM framework for OCT-based tractional retinal lesion (TRL) analysis. (a) Overall architecture with three heterogeneous
masking stages (0/1 Mask, Gaussian Noise Mask, and WFSC with Poisson Noise) followed by autoencoder-decoders, aggregated by the CRM module. (b)
Structure of WFSC using SCSAM to select high-entropy patches. (c) Internal design of SCSAM combining channel and spatial attention for refined feature
selection.

predictions through a consistency loss function, CRM prevents
information loss, enhancing the model’s stability, robustness,
and accuracy in complex tasks.

LCRM =
1

N

N∑
i=1

(
pred1,i − pred2,i

)2
+

1

N

N∑
i=1

(
pred1,i − pred3,i

)2
+

1

N

N∑
i=1

(
pred2,i − pred3,i

)2
(2)

where predai is the i-th prediction on the a-th branch.

III. EXPERIMENTS

A. Experimental Settings

1) Dataset: In this study, we have systematically collected
data over the past five years. The dataset primarily comprises
11,861 high-quality OCT images of pathological myopia,
which can be further classified into three categories: Atrophic
lesions (A), Tractional lesions (T), and Neovascular lesions
(N). The main objective of our experiments is to conduct an
in-depth six-class diagnostic analysis of Tractional lesions (T).

2) Evaluation Metrics: To comprehensively evaluate the
classification performance on the six-class pathological my-
opia traction dataset, we adopt six commonly used metrics:
maximum accuracy (Max Acc), Top-1 accuracy, Top-5 accu-
racy, precision (P), recall (R), and F1-score (F1).

Let TP , FP , FN , and TN denote true positives, false
positives, false negatives, and true negatives, respectively.
Given N samples and yi, ŷi representing the ground truth and
predicted label for the i-th sample, the metrics are defined as
follows:

a) Accuracy.:

Accuracy =
TP + TN

TP + TN + FP + FN
(3)

Max Acc represents the highest accuracy achieved during
training, while Top-1 and Top-5 correspond to the proportion
of test samples for which the correct label is ranked first or
within the top five predictions, respectively:

Top-k =
1

N

N∑
i=1

⊮
(
yi ∈ Top-k(ŷi)

)
, k ∈ {1, 5} (4)
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b) Precision.:

P =
TP

TP + FP
(5)

c) Recall.:

R =
TP

TP + FN
(6)

d) F1-score.:

F1 = 2 · P ·R
P +R

(7)

All metrics are reported in percentage (%) form. The
proposed CH-MIM framework is compared against existing
supervised and self-supervised methods using these metrics,
as shown in Table I.

3) Implementation Details: All algorithms are implemented
in PyTorch and run on a platform with four NVIDIA 4090
GPUs. The dataset includes 11,861 TRL images, with 7,911
unlabeled images for self-supervised pretraining and 3,950
labeled images categorized by pathological grading (T0-T5)
for supervised fine-tuning. Labeled images are split into a
training set (3,075 images) and a test set (875 images) in a
77.8 percent:22.2 percent ratio, with five-fold cross-validation
for stability and generalization. Images are resized to 224×224
pixels and augmented using random cropping, horizontal flip-
ping, and color jittering for enhanced data diversity.

During pretraining, the model utilizes the CH-MIM back-
bone, dividing images into non-overlapping 14×14 patches,
each 16×16 pixels. The encoder consists of 24 Transformer
layers, while the decoder has 8 layers. The model is trained
for 2000 epochs to extract general features. In the fine-tuning
phase, the AdamW optimizer is employed with an initial
learning rate of 0.001, a layer decay of 0.75, and 5 epochs of
warm-up. Training lasts for 300 epochs with early stopping,
monitored by the validation set, ensuring efficient and robust
training.

B. Main Results

TABLE I: Performance comparison on pathological myopia traction six-class
classification (%).

Model Pretrain Dataset Max Acc (↑) Top-1 (↑) Top-5 (↑) Precision (↑) Recall (↑) F1 (↑)

ResNet [23] ImageNet-1K [24] 92.2 91.9 96.0 88.5 87.5 87.8
DenseNet [25] ImageNet-1K 92.9 92.6 96.7 88.1 89.0 88.4
ViT [23] ImageNet-1K 92.7 92.5 96.5 90.0 86.8 88.0
SwinT [26] ImageNet-1K 92.4 92.1 96.2 92.7 88.7 90.5
Conformer [27] ImageNet-1K 91.8 91.7 95.8 89.6 87.4 87.6

MAE [14] ImageNet-1K 93.6 93.6 97.1 93.1 93.0 93.0
OCTTRL 94.4 94.2 97.8 93.6 93.4 93.5

CAE [28] ImageNet-1K 93.8 94.0 97.5 93.3 93.2 93.3
OCTTRL 94.7 94.5 98.0 94.0 94.1 94.1

SimMIM [15] ImageNet-1K 93.7 93.5 97.3 93.3 93.3 93.1
OCTTRL 94.6 94.5 97.9 93.9 93.7 93.7

RETFound [21] ImageNet-1K 93.6 93.6 97.1 93.1 93.0 93.0
OCTTRL 94.4 94.2 97.8 93.6 93.4 93.5

OCT-SelfNet [20] ImageNet-1K 92.4 92.1 96.2 92.7 88.7 90.5
OCTTRL 93.2 93.5 97.1 93.2 90.2 92.3

0/1 Mask OCTTRL 95.4 95.2 98.5 95.4 95.4 95.3
Gauss Noise OCTTRL 96.1 95.8 99.2 96.0 95.9 96.0
WFSC+Poisson Noise OCTTRL 95.6 95.4 98.9 95.3 95.4 95.6
CH-MIM (Ours) OCTTRL 97.9 97.7 99.8 97.1 97.0 97.0

As shown in Table I, the CH-MIM model excels in unsuper-
vised traction lesion diagnosis with a classification accuracy
of 97.9 percent, a Top-1 accuracy of 97.7 percent, and a Top-5

Fig. 3: (a) Confusion matrix for the tractional six-class diagnostic task; (b)
ROC curves for the corresponding results.

accuracy of 99.8 percent, outperforming DenseNet and Trans-
former models like ViT and SwinT. OCT-based pretraining
enhances MAE, CAE, and SimMIM Top-1 accuracy by 0.6
percent, 0.5 percent, and 1.0 percent, respectively, but still falls
short of CH-MIM. Meanwhile, we conducted a performance
comparison between CH-MIM, RETFound [21] with standard
MAE for transfer tasks, and OCT-SelfNet, where ViT in MAE
is replaced with SwinT. As observed, CH-MIM improved the
performance by 3.5 and 4.7, respectively, further validating
the necessity of designing pre-trained models for OCT retinal
disease tasks as proposed in this paper.

Optimized WFSC feature extraction improves CH-MIM’s
Top-1 accuracy by 3.2 and 3.5 percentage points over CAE
and MAE, respectively. As shown in Fig. 3, the confusion
matrix and ROC analysis indicate near-perfect AUC values,
while slight confusion between T2 and T3 highlights room
for finer-grained feature learning and class differentiation.
Qualitative visualization. Fig. 4 presents heatmaps for trac-
tion levels T0–T5: (a) original B-scans; (b,c) SCSAM at
native and 224×224; (d,e) CBAM at the same resolutions.
SCSAM focuses on anatomically meaningful regions (foveal
pit and layer boundaries) while suppressing background. After
224×224 patching, grid artifacts appear, yet SCSAM keeps
compact, contour-aligned activations; CBAM is more dif-
fuse and background-sensitive, especially for T3–T4. Across
grades, SCSAM saliency scales with severity and yields clearer
inter-grade separation, whereas CBAM shows greater over-
lap—supporting SCSAM as the more stable, discriminative
masker.

C. Ablation Study

1) Parallel Networks Performance Validation: As shown
in Table II, the effectiveness of the parallel network architec-
ture with the CRM module, have been validated. The Stage
3 branch performs best in the six-class classification task,
highlighting the advantage of WFSC guidance. Applying the
pretraining weights from the three-branch model to a single-
branch model results in decreased performance, suggesting
that the three-branch structure is better suited for multi-channel
information fusion.

2) SCSAM Performance Validation: As shown in Table III,
SCSAM masking strategy significantly outperforms global
random masking, improving Top-1 accuracy by 1.9% and
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Fig. 4: Heatmap visualization across tractional levels T0–T5 using auxiliary maskers: (a) original OCT B-scans; (b,c) SCSAM at native and 224 × 224
resolutions; (d,e) CBAM at the same resolutions. Patch partitioning at 224× 224 simulates the model input and clustering analysis.

TABLE II: Parallel network performance validation (%).

Stage Acc (↑) Top-1 (↑) Top-5 (↑) Pre (↑) Recall (↑) F1 (↑)

Stage1 96.9 95.8 99.1 95.8 95.8 95.6
Stage2 97.3 96.9 99.5 96.8 96.7 96.8
Stage3 97.9 97.7 99.8 97.1 97.0 97.0

TABLE III: SCSAM performance validation (%).

Auxiliary Masker Acc (↑) Top-1 (↑) Top-5 (↑) Pre (↑) Recall (↑) F1 (↑)

LinearAttention 95.4 94.2 98.2 94.7 94.5 94.6
Self-Attention [16] 96.2 95.3 98.6 95.4 95.3 95.3
CBAM [29] 97.1 96.8 99.3 96.5 96.6 96.5
SCSAM (Ours) 97.9 97.7 99.8 97.1 97.0 97.0

enhancing precision and recall. Further experiments confirm
the importance of SCSAM in feature extraction. In self-
supervised tasks, SCSAM achieves a Top-1 accuracy of 97.7%,
significantly outperforming traditional attention mechanisms.
It effectively reduces background noise and improves the
model’s ability to recognize foreground regions.

3) WFSC Performance Validation: As shown in Table IV,
we use the global random mask (removing Cluster and SC-
SAM) as the baseline and gradually add the modules in
WFSC. Although adding only SCSAM for dynamic ranking
and manually setting the threshold improved performance by
0.7%, it struggled to adapt to different OCT images. After
introducing Cluster to form the complete WFSC, performance
was significantly improved by 1.3%, enabling more accurate
lesion area extraction.

TABLE IV: WFSC performance validation (%).

Cluster SCSAM Acc (↑) Top-1 (↑) Top-5 (↑) Pre (↑) Recall (↑) F1 (↑)

× × 96.0 95.7 98.6 95.2 95.1 95.0
× ✓ 96.6 96.4 99.4 95.8 95.8 95.7
✓ ✓ 97.9 97.7 99.8 97.1 97.0 97.0

IV. DISCUSSION AND LIMITATIONS

The proposed CH-MIM framework demonstrates strong
potential for improving self-supervised OCT analysis and
enabling early detection of tractional retinal lesions (TRL). By
integrating weighted feature space clustering and progressive
masking strategies, the model achieves superior accuracy over
existing baselines. However, several limitations remain. First,
the dataset used in this study, while large, is still limited
in diversity and suffers from class imbalance, particularly
for severe TRL grades, which may affect generalizability to
underrepresented clinical cases. Second, CH-MIM is designed
and evaluated primarily on single-modality 2D B-scan OCT
images, whereas real-world TRL diagnosis often benefits from
multimodal data sources, such as fundus photography or OCT
angiography. Third, despite using self-supervised pretraining
to reduce labeled data requirements, the multi-branch archi-
tecture and progressive masking mechanism increase compu-
tational cost, potentially limiting deployment in real-time or
resource-constrained settings.

Future work will focus on expanding the dataset with
more diverse and balanced samples, integrating multimodal
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imaging modalities for more comprehensive feature represen-
tation, and exploring lightweight model adaptations to enhance
computational efficiency. These improvements aim to further
advance the clinical applicability of CH-MIM for automated
and scalable retinal disease screening.

V. CONCLUSIONS

This study develops an OCT-based retinal image dataset
for TRL and introduces the CH-MIM self-supervised pretrain-
ing framework for TRL diagnosis. The framework integrates
WFSC, HPM, and CRM. WFSC enhances feature learning
by selecting high-entropy lesion regions and filtering out the
background, while HPM progressively increases task com-
plexity. CRM improves model stability and generalization by
enforcing prediction consistency. These strategies significantly
enhance the model’s ability to extract fine-grained features,
particularly under low signal-to-noise ratios and non-uniform
imaging conditions. Experimental results demonstrate that CH-
MIM performs excellently in TRL diagnosis, providing a novel
approach for the application of self-supervised learning in
OCT medical imaging, especially in early disease detection.
Future research will focus on optimizing the model’s multi-
modal adaptability and computational efficiency, expanding its
application to a broader range of medical imaging tasks.
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