
1 

> TPAMI-2024-09-2423 < 

 

Task Augmentation-Based Meta-Learning 

Segmentation Method for Retinopathy 
 

Jingtao Wang, Muhammad Mateen, Member, IEEE, Dehui Xiang, Member, IEEE, Weifang Zhu, Fei Shi, Jing Huang, 

Kai Sun, Jun Dai, Jingchen Xu, Su Zhang, and Xinjian Chen, Senior Member, IEEE  
 

Abstract—Deep learning (DL) requires large amounts of 

labeled data, which is extremely time-consuming and labor-

intensive to obtain for medical image segmentation tasks. Meta-

learning focuses on developing learning strategies that enable 

quick adaptation to new tasks with limited labeled data. However, 

rich-class medical image segmentation datasets for constructing 

meta-learning multi-tasks are currently unavailable. In addition, 

data collected from various healthcare sites and devices may 

present significant distribution differences, potentially degrading 

model’s performance. In this paper, we propose a task 

augmentation-based meta-learning method for retinal image 

segmentation (TAMS) to meet labor-intensive annotation 

demand. A retinal Lesion Simulation Algorithm (LSA) is 

proposed to automatically generate multi-class retinal disease 

datasets with pixel-level segmentation labels, such that meta-

learning tasks can be augmented without collecting data from 

various sources. In addition, a novel simulation function library 

is designed to control generation process and ensure 

interpretability. Moreover, a generative simulation network 

(GSNet) with an improved adversarial training strategy is 

introduced to maintain high-quality representations of complex 

retinal diseases. TAMS is evaluated on three different OCT and 

CFP image datasets, and comprehensive experiments have 

demonstrated that TAMS achieves superior segmentation 

performance than state-of-the-art models. 

 
Index Terms—Meta-Learning, Task Augmentation, Lesion 

Simulation, Retinal Image Segmentation.1 

I. INTRODUCTION 

ETINAL diseases can damage the retina and result in 

severe vision loss or even blindness [1]. Recent 

studies have shown that deep learning (DL) models 

can detect and diagnose various retinal diseases by 

interpreting ocular data from different diagnostic modalities, 

including color fundus photography (CFP) and optical 

coherence tomography (OCT) [2]. The integration of DL 

algorithms into ophthalmology could play a crucial role in the 

screening and diagnosis of eye diseases in the future [3]. 

Specifically, medical-aided diagnosis segmentation algorithms 

based on computer vision can rapidly extract the shape, size, 
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location, and optical density value, which provide dependable 

and accurate quantitative information for diagnosis and 

treatment [4, 5]. An explicit description of retinal imaging is 

given in the Appendix for Choroid Neovascularization (CNV) 

[6-8] in OCT and Retinitis Pigmentosa (RP) [9] in CFP. 

Conventional deep learning requires a substantial amount of 

labeled data, especially for CFP and OCT images with 

abnormal retinal pathologies, where expert annotators with 

specialized knowledge are necessary. Particularly, acquiring 

pixel-wise annotated data in rare diseases, such as RP [9], is  

challenging due to limited sample availability. Furthermore, 

the data collected from different healthcare sites or image 

acquisition devices vary in distribution, significantly 

degrading the model’s performance. Therefore, it is especially 

challenging to automatically segment retinal diseases with 

limited pixel-wise annotated training data. 

Recently, meta-learning has garnered considerable attention 

to address the issues associated with limited resources, 

scarcity of labeled samples, and domain generalization. Meta-

learning [10, 11] focuses on developing learning strategies that 

enable quick adaptation to new tasks based on prior 

experiences, similar to human intelligence. In this paper, we 

introduce a novel task augmentation-based meta-learning 

method for retinal image segmentation, as illustrated in Fig. 1. 

A novel retinal Lesion Simulation Algorithm (LSA) is 

proposed for meta-task augmentation to improve the model's 

segmentation performance by attaining higher accuracy, faster 

convergence rates, and reduced dependence on annotated 

samples. This unique feature is particularly effective for 

segmenting rare diseases, such as RP [9], where it is 

impractical to obtain large-scale training data with pixel-level 

labels. 

The specific contributions are summarized as follows: 

1. Novel Task Augmentation-Based Meta-Learning 

Method: This method aims to address the scarcity of 

retinal disease data with pixel-level segmentation labels. 

2. Lesion Simulation Algorithm (LSA): The core of the 

LSA consists of a new simulation function library for 

lesion feature customization and a new generative 

simulation network (GSNet) with an improved 

adversarial training strategy to optimize simulated 

images, capable of synthesizing multi-class lesion 

images with pixel-level segmentation labels in batches. 

R 
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Fig. 1. Three-Stage Meta-Learning training strategy based on task augmentation. Multi-class synthetic data with segmentation labels are generated by the LSA 

for model pre-training and meta multi-task construction. The meta model, acquired through meta-training, subsequently exhibits rapid adaptation to novel tasks 

with limited real data (target data). K images with simulated lesions and corresponding segmentation labels can be synthesized using LSA based on a real retinal 

image with lesions and K normal images. N categories of synthetic data with simulated lesions can be generated based on N real images with lesions, each 

category containing K synthetic images, resulting in a total of N×K synthetic images. Details on “Meta Training” and “Rapid Adaptation” are provided in Fig. 3 

in the Appendix. 

3. Three-Stage Meta-Learning Training Scheme: This 

scheme improves meta-learning capabilities for tackling 

novel tasks, while facilitating faster and more effective 

adaptation to target data distributions. 

4. Robust Extensibility: Our method improves the model's 

segmentation performance for CNV and RP retinal 

diseases while accommodating images captured by 

different manufacturers’ devices (e.g., Heidelberg, BV-

1000), and different imaging modalities (e.g., OCT and 

CFP). LSA can also be extended to pigment epithelial 

detachment (PED) and Drusen, demonstrating potential 

for more retinal diseases, various imaging modalities, 

and independent of the scanner specifications. 

II. RELATED WORK 

Deep learning demands extensive labeled data. However, 

pixel-wise annotation is labor-intensive. Automated 

segmentation of retinal diseases with limited pixel-wise 

annotated data poses a particular challenge. To overcome the 

requirement of large-scale and well-annotated training data, 

researchers have developed advanced DL approaches, 

including transfer learning [12-19], data augmentation [20, 21], 

incremental learning [22-28], multitask learning [29-32], 

domain adaptation [33-36], image simulation [37-40], and 

meta-learning [41-48]. 

Numerous recent studies [14-18, 22-24, 29, 33, 34, 41-44] 

predominantly focus on classification with limited labeled 

samples, a much simpler task than segmentation. Pixel-level 

annotation is far more challenging than classification, as it 

requires creating a 2D map to separate the target object from 

the background. Precise segmentation annotation requires the 

expertise of experienced doctors and specialists, due to the 

smaller lesions and the blurred boundaries in retinal images. 

Furthermore, segmentation networks are typically more 

complex than classification networks. For instance, MAML 

[41], iMAML [43] and Reptile [42] utilize only a four-layer 

CNN for classification, making them more susceptible to 

overfitting in segmentation tasks. In contrast, our method 

automatically generates pixel-level segmentation labels. 

Moreover, within the framework of meta-learning, we utilize a 

deep network specifically suitable for segmentation tasks to 

avoid shallow network’s overfitting, thereby enhancing 

segmentation performance for retinal diseases. 

A. Transfer Learning 

Several studies [14-19] employed transfer learning based on 

non-medical datasets like ImageNet. However, the 

effectiveness of transfer learning largely depends on the 

similarity between pre-trained and target data distributions, 

which is a major challenge in medical applications. Natural 

datasets, despite their easy accessibility, exhibit a significant 

domain gap with medical data. In stark contrast, our synthetic 

data is fully derived from the same distribution as the target 

real retinal data, ensuring accurate lesion simulation. This 

close alignment with the target data distribution makes it far 

more suitable for transfer learning.  

B. Common Data Augmentation 

Common hand-tuned data augmentation techniques, such as 

random image rotations, translations, flipping, cropping, noise 

injection, color space transformations, jitter, and nonlinear 

deformations, are often used to expand the training sets [49-

52]. However, these methods fundamentally produce highly 

correlated images, which limits the ability to emulate real 

lesion variations. This suggests a potential constraint in 

accurately segmenting retinal lesions. 

C. Incremental Learning 

Incremental learning is commonly employed in multi-class 

classification [23] or segmentation tasks [24, 27]. Recently, 

few-shot class-incremental learning (FSCIL) has posed a 
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significant challenge for deep neural networks, requiring them 

to learn new classes from only a few labeled samples without 

forgetting previously learned ones [25]. Hassan et al. [23] 

presented an incremental cross-domain adaptation framework, 

enabling a classification model to progressively learn to 

identify abnormal retinal pathologies in OCT and CFP via 

few-shot training. Vu et al. [28] introduced a data-adaptive 

loss function for incremental learning in image segmentation 

tasks with limited labeled samples. Incremental learning relies 

on acquiring multi-class data with a consistent distribution to 

accumulate prior knowledge, which is then utilized for 

learning new categories with limited labeled samples. 

However, procuring multi-class data with consistent 

distribution poses significant challenges. 

D. Multitask Learning 

Chen et al. [32] enhanced segmentation performance in 

target tasks by utilizing multiple auxiliary tasks. Similarly, 

Wang et al. [29] developed a multi-task framework with 

various subnetworks to diagnose retinal diseases. Another 

multi-task learning network could simultaneously segment the 

left ventricle and track its motion across multiple time frames 

[31]. Zhao et al. [30] constructed diverse tasks, such as 

classification and registration, to accumulate prior knowledge 

that could then be applied to target segmentation tasks, 

thereby reducing the reliance on labeled data. However, a 

prerequisite for any multi-task learning method is the 

collection of a comprehensive multi-task dataset. 

E. Domain Adaption 

Domain adaptation methods mitigate domain shift between 

source and target domains [53], allowing prior knowledge 

from the source to compensate for limited annotated samples 

in the target domain. Ju et al. [34] employed adversarial 

domain adaptation to diagnose retinal diseases by managing 

cross-domain shifts between normal and ultra-wide-field 

fundus photography. Chen et al. [35] proposed RDR-Net, an 

unsupervised domain adaptation network for optic disc and 

cup segmentation, showing strong generalization capabilities. 

Additionally, He et al. [36] leveraged the retinal layer 

structure in a multi-task framework to facilitate domain 

alignment and enhance cross-domain OCT fluid segmentation. 

Although these domain adaptation methods improved 

generalization to target domain datasets, they typically require 

source data sharing similar pathologies with the target domain, 

even if derived from different devices or centers. In contrast, 

our method does not require strict source domain data 

collection. By strategically employing limited source data, we 

are able to significantly enhance segmentation performance on 

target domain data. 

F. Generative Model  

GAN [54], cGAN [55], CycleGAN [56], and diffusion 

models [57], along with their various variations, are 

commonly used to mitigate data scarcity. However, these 

methods generate retinal lesion images from noise or other 

image styles, making the simultaneous generation of pixel-

level labels challenging. Additionally, it is challenging to train 

generative models to synthesize retinal images with small and 

diverse lesions, which hinders model convergence and 

degrades image quality. 

In this paper, we first generate retinal lesion images using 

the proposed Lesion Simulation Function Library, then 

optimize them with our generative model, GSNet. Unlike the 

opaque nature of deep learning models, our simulation 

functions are transparent and interpretable to enable the 

automatic generation of pixel-level labels. Additionally, we 

utilize an improved adversarial training strategy to train a self-

developed generative model dedicated solely to image 

refinement. This approach not only enhances the quality of the 

synthetic images but also avoids the convergence and quality 

challenges associated with training generative models directly 

to produce lesion images. 

G. Meta-learning 

In view of the great potential of meta-learning to address 

issues such as limited resources, scarce labeled data, and 

domain generalization, we are motivated to apply meta-

learning algorithms to retinal disease segmentation. 

Specifically, we make efforts on meta-task augmentation 

based on gradient-based meta-learning algorithms [41]. To the 

best of our knowledge, no previous study has explored this 

integrated approach. 

IV. METHODS 

In this study, we introduce a task augmentation-based meta-

learning approach to address the issues of retinal disease 

image scarcity and annotation difficulties. This method 

facilitates meta-task augmentation by generating high-quality 

meta-tasks, thereby enhancing performance in retinal disease 

segmentation. Algorithm 1 provides a detailed description of 

our TAMS. 

A. Meta-Learning Algorithms 

Meta-learning focuses on developing learning strategies that 

enable quick adaptation to new tasks based on prior 

experiences, similar to human intelligence [13, 58]. Typically, 

it involves a meta-learner that extracts common meta-

knowledge from a known distribution of tasks to solve novel 

tasks [59, 60]. Recent studies have shown its effectiveness in 

few-shot learning, where the learner must adapt to new tasks 

with limited training samples [10, 11, 59, 61-65]. Algorithm 1 

in the Appendix provides a detailed description of meta-

learning. 

Meta-learning consists of two phases: meta-train and meta-

test. In the meta-training phase, a task 𝜏 is sampled from the 

task distribution 𝑝(𝜏) . This task, referred to as an episode, 

includes a training split 𝜏(𝑡𝑟)  (support set) to optimize the 

base-learner, and a test split 𝜏(𝑡𝑒) (query set) to optimize the 

meta-learner. The goal during meta-training is to learn 

common prior knowledge from multiple episodes 𝜏 . Meta-

training involves two stages of optimization within each 

episode: 
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1. Base-Learning: Given an episode 𝜏 ∈ 𝑝(𝜏), the base-

learner 𝜃  is learned from episode’s support set 𝜏(𝑡𝑟) 

and its corresponding loss 𝐿𝜏(𝜃, 𝜏(𝑡𝑟)) . After 

optimizing this loss, the base-learner's parameters are 

updated to 𝜙𝜏. 

2. Meta-Learning: The test loss 𝐿𝜏(𝜙𝜏, 𝜏(𝑡𝑒)) is used to 

optimize the parameters of the meta-learner. After 

meta-training on all episodes, the meta-learner is 

optimized by the test losses {𝐿𝜏(𝜙𝜏, 𝜏(𝑡𝑒))}
𝜏∈𝑝(𝜏)

, the 

meta-learner's parameters are updated to  𝜃′. 

Algorithm 1: Task Augmentation-Based Meta-Learning 
Input: Real disease images and labels: 𝑅(1,2, … , 𝑛) 

𝐿(1,2, … , 𝑛), 
          Normal images 𝑁𝑜𝑟(1,2, … ) 
Output: Potential initial parameters for novel tasks: 𝜃′, 

Optimal parameters for novel tasks: 𝜃′′ 
1： Generate multi-class synthetic data with pixel-level 

segmentation labels: 
 𝑆𝑦𝑛 ← 𝐿𝑆𝐴(𝑅, 𝐿, 𝑁𝑜𝑟) 

2： Obtain pre-trained parameters based on 𝑆𝑦𝑛: 
 𝜃 ← 𝐷𝑒𝑒𝑝𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔(𝑆𝑦𝑛) 

3： Build meta-training tasks 𝑝(𝜏) based on 𝑆𝑦𝑛 
4： Build target task 𝑇 with limited 𝑅 
5： for iteration = 1,2… do 
6：     Sample batch of tasks 𝜏~𝑝(𝜏) 
7：     # All episodes 
8：     for each 𝜏 do 
9：          # one episode of meta training 
10：         if alg == MAML then 
11：              Compute 𝜙𝜏  with respect to Support Set 

𝜙𝜏 = 𝜃 − 𝛼∇𝜃𝐿𝜏
𝑡𝑟𝑎𝑖𝑛(𝜃) 

12：         else if alg == iMAML then 
13：              Compute 𝜙𝜏 with respect to Support Set 

          𝜙𝜏 = argmin
𝜙

(𝐿𝜏
𝑡𝑟𝑎𝑖𝑛(𝜃) +

𝜆

2
∥ 𝜙 − 𝜃 ∥2) 

14：         end if  
15：         Evaluate 𝛻𝜃𝐿(𝜃) with respect to Query Set:  

∇𝜃𝐿(𝜃) = ∑ ∇𝜃𝐿𝜏
𝑡𝑒𝑠𝑡(𝜙𝜏)

𝑝(𝜏)

 

16：     end for  
17：       𝜃′ ← 𝜃 − 𝛽∇𝜃𝐿(𝜃) 
18：    # Evaluate 𝜃′on target segmentation task   
19：     for iteration = 1,2… do 
20：         Sample batch of real samples (𝑟, 𝑙)~𝑇 
21：         for each (𝑟, 𝑙) do 
22：             Evaluate BCE and Dice Loss 
23：         end for 
24：         Update 𝜃′′ ← 𝜃′ 
25：     end for 
26： end for 
27： return 𝜃′, 𝜃′′ 

Note: 𝛼 and 𝛽 denote the learning rate, 𝜆 indicates the regularization term 

The meta-test phase aims to evaluate the performance of the 

trained meta-learner for rapid adaptation to unseen tasks. 

Given an unseen task 𝜏𝑢𝑛𝑠𝑒𝑒𝑛, the meta-learner 𝜃′ guides the 

base-learner 𝜃𝜏𝑢𝑛𝑠𝑒𝑒𝑛
 to adapt to 𝜏𝑢𝑛𝑠𝑒𝑒𝑛 , for example, through 

initialization [10]. The performance on the test split 𝜏𝑢𝑛𝑠𝑒𝑒𝑛
(𝑡𝑒)

 is 

used to evaluate the meta-learning approach.  If there are 

multiple unseen tasks {𝜏𝑢𝑛𝑠𝑒𝑒𝑛}, the average performance on 

{𝜏𝑢𝑛𝑠𝑒𝑒𝑛
(𝑡𝑒)

} is used as the final evaluation metric. 

In this study, we construct test tasks (unseen target tasks) 

using real retinal data, referred to as {𝜏𝑢𝑛𝑠𝑒𝑒𝑛} . The meta-

learner, trained on 𝑝(𝜏) from multi-class synthetic data, guides 

the base-learner, a lesion segmentation model, to quickly 

adapt to these unseen tasks. In this paper, two typical meta-

learning algorithms, MAML [41] and iMAML [43, 47], are 

integrated into our TAMS method to improve the retinal 

disease segmentation model, named mTAMS and iTAMS, 

respectively. The performance of the Reptile[42] algorithm in 

our TAMS method is not satisfactory. 

B. Lesion Simulation Algorithm 

Currently, no multi-class medical dataset is available for 

constructing high-quality meta-tasks.  To address these issues, 

we propose LSA to generate multi-class data with pixel-level 

segmentation labels (Algorithm 2 in the Appendix).  

LSA's architecture, depicted in Fig. 2, comprises two main 

components: lesion feature generation and lesion forgery. The 

first module, named “F” in Fig. 2 (A), extracts lesion features 

from real retinal disease images. These features are then fed 

into the “Aug” module for augmentation in batches. The 

Lesion Forgery Module, shown in Fig. 2 (B), utilizes a trained 

U-Net to extract OCT image masks and CFP optic disc and 

boundary masks from normal retinal images. These masks, 

along with generated features and real retinal images, are then 

processed by the lesion simulation functions to produce high-

resolution synthetic images (CFP size: 565 × 584, OCT size: 

1024 × 512). Finally, the synthetic images are further refined 

using the trained GSNet. Due to hardware resource constraints, 

the final size of the images generated by GSNet is limited to 

256 × 256. 

B.1 Lesion Feature Generation 

First, LSA extracts lesion features from real retinal disease 

images. These features are then passed to the feature 

augmentation module (referred to as “Aug” Fig. 2 (A)), which 

applies affine and elastic transformations to augment the 

lesion features in batches. By extracting and augmenting real 

lesion features to simulate new ones, this process ensures both 

authenticity and interpretability, while also increases the 

diversity of the simulated lesions. 

Fig. 6 in the Appendix outlines the lesion feature generation 

process: 

1) Feature Extraction: 

 Contour: Lesion boundary. 

 Size: Pixel count within the lesion contour. 

 Position: Coordinates of the lesion's top-left and 

bottom-right corners.  

2) Feature Augmentation: Affine and elastic 

transformations are applied to augment lesion features. 
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B.2 Lesion Forgery 

The Lesion Forgery Module simulates lesions on normal 

retinal images and consists of two components: the Simulation 

Function Library and the generative simulation network 

(GSNet), as illustrated in Fig. 2 (B). The Simulation Function 

Library customizes lesions on normal retinal images (referred 

to as background images) based on specific disease 

characteristics, and generates high-resolution synthetic images. 

For OCT CNV, the simulation sequence is: Func.2 -> Func.3 -> 

Func.4 -> Func.5 -> Func.8. For CFP RP, the sequence is: 

Func.1 -> Func.6 -> Func.7 -> Func.8. For a comprehensive 

description of the simulation functions, please refer to the 

Appendix.  

 

B.3 The Trained UNet Models 

To simulate specific retinal diseases, images without such 

lesions are required. These easily accessible images are 

referred to as normal or background images in this paper. 

Trained UNet [66] models are used to segment OCT layers, as 

well as CFP optic discs and boundary masks from these 

normal images, thereby providing more feature information 

for lesion forgery. Moreover, training such UNet models is a 

relatively straightforward task. 

 

B.4 Simulation Function Library 

We develop a Simulation Function Library to customize 

specific lesions on normal retinal images. Unlike the opaque 

learning and inference processes of DL models, every 

operation in our simulation functions is transparent and 

interpretable. Since every step of the simulation process is 

known, we can generate corresponding segmentation labels by 

applying the same operations. Our simulation functions are 

primarily from the “cv2” package, which requires minimal 

hardware resources and enables the generation of high-

resolution images. For detailed algorithms please refer to the 

Appendix. 

 

B.5 Generative Simulation Network (GSNet) 

In the process of customizing synthetic images using 

simulation functions, subtle details between lesion features 

and the background, which are difficult to detect with the 

naked eye, are often overlooked. To address this issue, we 

design a generative simulation network (GSNet) with an 

improved confrontation training strategy, as shown in Fig.7 in 

the Appendix, to further improve the high-resolution synthetic 

images. 

GSNet adopts the UNet [66] encoder-decoder architecture, 

where the encoder extracts image features through 

downsampling, and the decoder restores these features into 

images via upsampling. Additionally, MAE [67] can 

reconstruct missing pixels, and Zhou et al. [68] has released a 

feature extractor trained on large-scale OCT and CFP datasets. 

To fully utilize MAE's powerful pixel reconstruction 

capability, we design a multi-scale feature fusion module. 

After reshaping and pooling the features extracted by the 

MAE, the resulting multi-scale features are fused with the 

features from the CNN. Finally, these fused features are skip-

connected to the decoder for image restoration. 
 

Algorithm 2: GSNet Training Strategy 

Input: D: Discriminator, 

G: GSNet, 

Real disease images and labels: 𝑅(1,2, … , 𝑛), 
𝐿(1,2, … , 𝑛) 

Output: The trained GSNet 

 
1： Load pre-trained MAE feature extractor parameters for 

GSNet 
2： While not done do  
3：      Sample batch of data (𝑟, 𝑙)~(𝑅, 𝐿) 
4：      for each (𝑟, 𝑙) do 
5：        Randomly alter the pixel values in the lesion   
6：        The transformed whole image is given by 𝑟𝑡 =

                          𝐻𝑢𝑒𝑆𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑉𝑎𝑙𝑢𝑒(𝑟(𝑙 ≠ 0))⨁𝑟,  

where 𝑟(𝑙 ≠ 0) denotes the lesion area 

 
7：        # Optimize discriminator 
8：        Evaluate 𝐿𝑜𝑠𝑠(𝐷) =

                              [𝑀𝑆𝐸𝐿𝑜𝑠𝑠(𝐷(𝐺(𝑟𝑡), 𝑟𝑡), 𝑧𝑒𝑟𝑜𝑠) +
                              𝑀𝑆𝐸𝐿𝑜𝑠𝑠(𝐷(𝑟, 𝑟𝑡), 𝑜𝑛𝑒𝑠)] × 0.5 

9：        
10：       # Optimize GSNet 
11：       Evaluate 𝐿𝑜𝑠𝑠(𝐺) =

                           [𝑀𝑆𝐸𝐿𝑜𝑠𝑠(𝐷(𝐺(𝑟𝑡), 𝑟𝑡), 𝑜𝑛𝑒𝑠) +
                           𝐿1𝐿𝑜𝑠𝑠(𝐺(𝑟𝑡), 𝑟)] × 𝜆 

12：      end for 
13：       Updating D and G: 
                   𝑜𝑝𝑡𝑖𝑚(𝐷, 𝐿𝑜𝑠𝑠(𝐷), 𝑙𝑟), 𝑜𝑝𝑡𝑖𝑚(𝐺, 𝐿𝑜𝑠𝑠(𝐺), 𝑙𝑟) 
14： End while 
15： return the trained GSNet 

Note: The Adam optimizer is used with a learning rate of 0.001 for CFP 

images and 0.0002 for OCT images.  𝜆 = 100 
 

We simulate the lesion pixel calculation process described 

in Func.8 using the “HueSaturationValue” function from the 

“Albumentations” package. This function randomly modifies 

the pixel values of the lesion area in real images. GSNet is 

then used to restore these altered images to their original pixel 

distribution. GSNet is trained using an enhanced Pix2Pix 

adversarial network strategy, incorporating a Markovian 

(PatchGAN) discriminator [69, 70]. The trained GSNet can 

automatically adjust the pixel values of the simulated lesions 

in synthetic images, compensating for details overlooked in 

the customization process. For details on training GSNet, refer 

to Algorithm 2. The loss function incorporates both MSE loss 

and L1 loss: 

 2

1

1
ˆ( )

n

i ii
MSELoss y y

n =
= −  (1) 

 
1
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i ii
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TABLE I 

DATASET INFORMATION 

Index Size Imaging Type Number 

D1 1024 × 512 OCT  94 eyes, 176 images with CNV; 6061 images without CNV  

D2 3100 × 2848 × 3 CFP 1 image ×219 patients with RP; 800 normal images 

D3 1440 × 2160 × 3 CFP 5 images × 2 eyes × 4 patients × 3 sessions 

D4 Variable CFP 5000 patients, 2817 normal images. 

D5 Variable CFP 40 

D6 384 × 288 × 3 Colonoscopy 612 

D7 384 × 512 × 3 Dermoscopy 2596 

D8 768 × 560 × 3 Dermoscopy 200 

D9 Variable Colonoscopy 1000 

D10 Variable Capsule Endoscopy 55 

D11 Variable / 1000 classes 

Datasets: D1 (BV1000), D2(RPHS) D3(RIPS [71]), D4(ODIR-5K [72]), D5(Drive [73]), D6(CVC-612 [74]), D7(ISIC-2018 [8]), D8(PH2 [75]), D9(Kvasir-SEG 

[76]), D10(KvasirCapsuleSEG [77]), D11(FSS-1000 [78, 79]). D1 and D2 are private, the others are public. 

C. Segmentation Networks for Retinal Lesions  

We employ UNet in our TAMS framework for retinal 

lesion segmentation, which is specifically designed for 

medical images. Our study also compares it with UNet++[80], 

TransUNet[81], and MANet [82], demonstrating its superior 

performance.  

Retinal image lesion areas are typically small and irregular 

(e.g., CNV, RP), requiring deep neural networks (DNNs) for 

accurate segmentation (e.g., UNet [66], nnUNet [83], and 

ResUNet). However, DNNs are prone to overfitting with a few 

samples, whereas meta-learning often utilizes shallow neural 

networks (SNNs), which limits its effectiveness [44]. To 

address this issue, we first pre-train UNet using our synthetic 

large-scale data. Subsequently, we employ synthetic multi-

class data to construct meta-tasks for meta-training UNet. 

D. Meta-task Generation Scheme 

Fig. 8 in the Appendix illustrates the process of generating 

meta-tasks. Each real sample is used to produce K synthetic 

samples as one class, resulting in N-classes of data. These N 

classes synthetic data can then be used to construct meta-tasks. 

For instance, if we aim to train a base model on the 2ways-

5shot-5query set using the meta-learning algorithm, we can 

sample two classes from N classes to form each task, with 

each class containing five synthetic images for the support set 

and another five for the query set. This approach allows us to 

generate a sufficient number of similar meta-tasks for meta-

training, based on the multi-class synthetic data. 

IV. EXPERIMENT SETUP 

A. Datasets 

TABLE II 

TARGET DATASET SPLIT FOR TRAINING AND TESTING 

 

Training Data 

(eyes/images) 

Test Data 

(eyes/images) 

BV1000 (D1) 75/141 19/35 

RPHS (D2) 176/176 43/43 

RIPS (D3) 8/120 - 

 

Table I shows the datasets used in this paper. D1 (BV1000) 

is an OCT dataset, while D2 (RPHS) and D3 (RIPS) [71] are 

CFP datasets, which are the target datasets for segmentation. 

D1, D2, and D3 cover two types of retinal images and two 

types of retinal diseases, demonstrating the universal and high 

clinical applicability of our approach. Dataset D4 is used for 

D3 lesion simulation because D3 does not contain normal CFP 

images. Dataset D5 [73] is used for training a UNet model for 

optic disc and boundary segmentation. Datasets D6 [74], D7 

[8], D8 [75], D9 [76], and D10 [77] are utilized for 

constructing multi-tasks, and comparison experiments were 

conducted using the multi-class synthetic data generated by 

our LSA. The D6 to D10 datasets have a significant domain 

gap and only a few classes (five classes), which adversely 

affects the meta-learning algorithm. Although FSS-1000 has a 

rich variety of categories, it also negatively impacts the meta-

learning algorithm due to the large domain gap between 

natural datasets and target segmentation retinal data. Detailed 

information on D1-D10 can be found in the Appendix, and the 

target segmentation dataset division can be found in Table II. 

B. Implementation Details 

The implementation of our proposed method is based on the 

public platform PyTorch 2.3.1 with CUDA 12.0 parallel 

computing library and GeForce RTX A6000 GPU with 48-GB 

memory. Details of the experimental settings can be found in 

Table I in the Appendix.  Evaluation metrics and the loss 

function can also be found in the Appendix. 

V. RESULTS  

A. Quantitative Comparison Results  

We compared our method, iTAMS, and mTAMS, with 

several state-of-the-art image segmentation models, as listed 

in Table III, including DL-trained UNet [66], UNet++ [80], 

ResUNet, TransUNet [81], MANet [82], nnUNet [83], 

SwinUNetr [84], and LiteMedSAM [85]. Our method 

achieved the highest scores across all four metrics. Details of 

the qualitative analysis are provided in the Appendix. 
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TABLE III  

QUANTITATIVE RESULTS ON BV1000, RPHS, AND RIPS 

Target Datesets Method  Recall (%)  Precision (%)  IoU (%)  DSC (%) 

 D-ResUNet 50.89 29.96 25.76 36.36 

 D-SwinUNetr 55.59 54.46 35.10 49.40 

 D- MANet 59.86 56.52 38.30 55.14 

 D- UNet++ 61.59 56.63 38.50 55.34 

BV1000 D- TransUNet 61.75 60.64 41.30 58.23 

 D-LiteMedSAM 61.94 62.49 45.69 60.83 

 D-nnUNet 61.99 69.95 51.11 62.61 

 D-UNet 63.54 67.50 46.55 63.14 

 iTAMS(Ours) 72.80 78.25 59.59 74.27 

  mTAMS(Ours) 76.55 74.14 60.01 74.73 

 D-ResUNet 41.55 57.43 26.1 36.0 

 D-SwinUNetr 46.48 50.23 29.40 43.53 

 D-LiteMedSAM 50.17 56.41 36.44 51.73 

 D-MANet 40.52 56.09 35.62 52.30 

 D-UNet++ 39.89 58.87 37.03 53.63 

RPHS D-nnUNet 52.86 63.76 40.61 55.09 

 D-TransUNet 43.57 57.68 38.48 55.38 

 D-UNet 48.06 63.53 43.47 60.17 

 mTAMS(Ours) 52.85 64.30 47.53 64.06 

  iTAMS(Ours) 54.08 63.88 47.93 64.41 

 D- MANet 45.59 42.40 27.26 42.73 

 D-LiteMedSAM 54.96 44.32 30.20 44.47 

 D-UNet++ 47.14 46.81 29.50 45.34 

 D-SwinUNetr 58.51 44.50 30.32 45.51 

RIPS D-TransUNet 44.00 52.23 30.20 46.27 

 D-ResUNet 48.26 51.47 37.75 48.34 

 D-nnUNet 41.35 54.50 38.01 50.89 

 D-UNet 53.37 52.83 36.16 53.00 

 mTAMS(Ours) 56.56 55.90 39.25 56.21 

 iTAMS(Ours) 58.76 56.03 39.92 56.85 

Four-fold cross-validation was conducted on the training dataset. Our method achieved the highest scores across all four metrics 

 

For the CNV segmentation task on BV1000 OCT dataset, 

our iTAMS improved the four metrics (DSC, IoU, Recall, and 

Precision) by 11.13%, 13.04%, 9.26%, and 10.74%, 

respectively, compared to the second-best method, the D-UNet. 

In the rare retinal disease RP segmentation task on the RPHS 

color fundus photography dataset, the improvements were 

4.24%, 4.46%, 6.02%, and 0.35%, respectively. On the 

publicly available RIPS color fundus photography dataset for 

RP segmentation, the improvements were 3.85%, 3.77%, 

5.38%, and 3.21%, respectively. The improvements of our 

mTAMS, on BV1000, are 11.59%, 13.46%, 13.01%, 6.64%; 

on RPHS are 3.89%, 4.06%, 4.79%, 0.77%; on RIPS is 3.21%, 

3.09%, 3.19%, 3.07%. Our mTAMS performed better than 

iTAMS on the BV1000 dataset, showing greater 

improvements in DSC, IoU, and Recall. However, on the CFP 

dataset (RPHS and RIPS), iTAMS showed better performance. 

Additionally, both nnUNet and UNet exhibited competitive 

performance across all three datasets, outperforming the other 

evaluated advanced segmentation networks. 

Notably, our method demonstrated remarkable 

improvements on BV1000 and RPHS datasets (e.g., DSC 

improvements were 11.14% and 4.24%, respectively, 

compared to the second-best method), whereas the 

improvement on the RIPS dataset was smaller (3.85%). This is 

likely due to the limited size of the RIPS dataset, which 

contains data from only eight eyes, while the BV1000 and 

RPHS datasets contain data from 94 and 219 eyes, 

respectively.  

B. Results with Limited Annotated Training Data 

The model was trained with a limited amount of annotated 

training data and evaluated on the same test data. The 

experimental results, presented in Fig. 3, demonstrate that our 

method achieved the highest score despite the limited 

annotated data, indicating a reduced dependence on annotated 

data. On the BV1000 dataset, our mTAM method achieved a 

DSC score of 64.37% with 30% training data The annotated 

training data, whereas the second-best method, DL-based 

UNet, required 100% of the data to achieve a comparable 

score of 64.21%. A similar trend was observed on the RPHS 

dataset, where our iTAMS method achieved a DSC score of 

56.25% using 40% of the annotated training data, just 1.07% 

lower than the DL-based UNet's score of 57.32% with 100% 

of the data. Furthermore, our iTAMS method achieved a DSC 

score of 58.34% using 50% of the labeled training data, which 

is 1.02% higher than the DL-based UNet's score with full data 

utilization. 

In summary, as the amount of annotated training data 

decreases, the segmentation accuracy of all methods shows a 

downward trend. However, our method not only consistently 

maintains high segmentation accuracy but also experiences a 

slower decline, a performance unmatched by other methods. 
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(A) BV1000 OCT images CNV segmentation 

 
(B) RPHS CFP images RP segmentation 

Fig. 3 Quantitative results on the testing dataset with limited training data. 

Despite using limited annotated training data, our method achieved superior 

segmentation performance, demonstrating a reduced dependence on annotated 

data. In the BV1000 dataset, our method achieved the same performance as 

the second-best approach while requiring only 30% of the training data. This 

proportion was approximately 40% in the RPHS dataset. 

C. Results by Different Meta Training Tasks 

Several public datasets are utilized as meta datasets to 

construct multiple tasks for meta-training, and compared with 

multi-class data generated by our LSA. Crucially, regardless 

of whether the medical datasets D6-D10 or the category-rich 

natural dataset FS-1000, the performance remains inferior to 

our synthetic data, as shown in Fig. 4. Specifically, our best-

performing method (TAMS) on BV1000 improved the DSC 

metric by 14.38%, compared to the highest score (63.09%) of 

“D6-D10”, and by 11.53% compared to “FS-1000” with the 

highest score 65.94%. Furthermore, on the RPHS dataset, this 

improvement is 5.5% and 4.04%, respectively. 

It is also worth noting that using D6-D10 and FS-1000 for 

meta-training yields very limited performance improvements 

compared to deep learning methods. Specifically, on the 

BV1000 dataset, the performance of D6-D10 (iMAML) on 

metric decreased by 0.52% compared to D-UNet, while FSS-

1000 (MAML) showed a marginal increase of 1.73%. 

Similarly, on the RPHS dataset, D6-D10 (iMAML) improved 

by only 0.04% compared to D-UNet, and FSS-1000 (MAML) 

improved by just 1.5%. 

In addition, the performance of the iMAML meta-learning 

algorithm on the meta dataset D6-D10 is better than that of 

MAML, whereas the performance on the meta dataset FS-

1000 is reversed. The D6~D10 dataset consists of medical 

images, while FS-1000 comprises natural images. D6~D10 is 

more similar to our target segmentation datasets, OCT and 

CFP, but FS-1000 has a greater number of classes (D6-D10 

has only 5 classes, while FS-1000 has 1000 classes). This 

suggests that the MAML algorithm is more suitable for data 

with diverse categories, while the iMAML algorithm is more 

effective for data where the training and target categories are 

more similar in domain. 

 

 
Fig. 4 “D6-D10(iMAML)” and “D6-D10(MAML)” refer to constructed multi-

tasks utilizing datasets D6, D7, D8, D9, and D10 for meta-training, with each 

dataset representing a distinct class, totaling five classes. "FS-1000(iMAML) 

and FS-1000(MAML)" denote the construction of meta multi-tasks utilizing 

FS-1000, which consists of 1000 classes.  

In summary, the synthetic data automatically generated by 

our LSA not only possesses rich categories but also ensures 

appropriate inter-domain differences between the multi-class 

data used for meta-training and the target data to be segmented. 

TAMS facilitates the application of meta-learning algorithms 

to lesion segmentation tasks, significantly enhancing 

generalization capabilities for novel tasks, thereby 

substantially improving lesion segmentation performance. 

D. Results by Different Data Augmentation Methods 

We used common data augmentation methods during the 

DL training phase, including horizontal flip, vertical flip, 

random rotation, and random adjustments to brightness and 

contrast. It is evident that these common data augmentation 

methods do not generally improve the model’s performance, 

as shown in Fig. 5 (A) and Fig. 5 (B). On the BV1000 dataset, 

TransUNet, SwinUNetr, and LiteMedSAM showed 

improvement, while UNet, UNet++, and MANet did not. 

Similarly, on the RPHS dataset, MANet and SwinUNetr 

showed gains, with no improvement for UNet, UNet++, 

LiteMedSAM, or TransUNet. 

Furthermore, we applied common data augmentation 

methods during meta-training. However, as shown in Fig. 5 

(C), they had no significant impact on the meta-learning 

algorithm. In summary, these methods increase image quantity, 

but fail to enhance lesion diversity, resulting in limited model 

improvements. Meta-learning, in particular, requires an 

appropriate domain gap between different classes of data, 

which common data augmentation methods cannot provide. In 

contrast, our method not only automatically generates multiple 

categories of data but also enhances lesion diversity, achieving 

task augmentation for meta-learning. 
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TABLE IV 

 ABLATION EXPERIMENTS ON GSNET 

Target Datasets Method GSNet Recall (%) Precision (%) IoU (%) DSC (%) 

 iTAMS  72.14 80.11 60.15 74.95 

BV1000 iTAMS √ 76.38 76.59 62.27 76.57 

 mTAMS  72.12 79.30 59.30 74.24 

 mTAMS √ 76.45 76.94 63.70 77.47 

 iTAMS  52.82 48.44 41.47 58.60 

RPHS iTAMS √ 52.36 53.71 45.36 62.41 

 mTAMS  51.88 47.93 40.39 57.54 

 mTAMS √ 50.44 55.84 45.86 62.87 

 

TABLE V 

 RESULTS BY DIFFERENT BACKBONES AS SEGMENTATION NETWORKS  

Target Datasets Meta-Algorithm Backbone Recall (%) Precision (%) IoU (%) DSC (%) Imp-Ave (%) 

  SwinUNetr 64.08 56.31 39.22 54.56 6.07 

  UNet++ 69.29 56.87 44.35 60.13 7.68 

 mTAMS TransUNet 75.65 55.96 44.83 60.52 -4.55 

  MANet 71.36 64.34 47.45 62.55 9.79 

BV1000  UNet 76.45 76.94 63.70 77.47 11.92 

  SwinUNetr 60.24 57.88 38.21 53.59 5.0 

  UNet++ 58.12 64.69 41.65 56.35 5.22 

 iTAMS TransUNet 71.77 55.02 43.90 59.35 -6.275 

  MANet 72.46 67.05 49.95 64.68 11.9 

  UNet 76.38 76.59 62.27 76.57 11.23 

  MANet 46.55 45.57 27.72 41.93 3.52 

  UNet++ 47.73 45.55 28.95 43.25 4.83 

 mTAMS SwinUNetr 47.94 50.31 30.21 44.38 2.21 

  TransUNet 45.07 56.90 31.43 46.33 6.74 

RPHS  UNet 50.44 55.84 45.86 62.87 5.01 

  UNet++ 46.15 46.68 28.84 43.37 4.72  

  MANet 46.97 47.04 29.41 44.15 4.97 

 iTAMS SwinUNetr 49.87 48.87 30.21 44.31 2.32 

  TransUNet 42.07 55.77 30.79 45.52 5.35 

  UNet 52.36 53.71 45.36 62.41 4.72 

Imp-Ave is defined as the mean enhancement of TAMS compared to DL in four metrics: DSC, IoU, Recall, and Precision. 

E. Results of Ablation Study on GSNet 

To optimize high-resolution synthetic images generated by 

the Simulation Function Library and address invisible details 

missed during lesion customization, we designed GSNet. As 

shown in Table IV, GSNet significantly improved iTAMS 

metrics on the BV1000 dataset, with increases of 1.62% in 

DSC, 2.12% in IoU, and 4.24% in Recall. For the rare retinal 

disease RP segmentation task on the RPHS CFP dataset, the 

improvements were 3.81% in DSC, 3.89% in IoU, and 5.27% 

in Precision, respectively.  

Additionally, our mTAMS method, when using GSNet, 

showed improvements of 3.23% in DSC, 4.4% in IoU, and 

4.32% in Recall on the BV1000, and 5.33% in DSC, 5.47% in 

IoU, and 7.91% in Precision on RPHS. Overall, GSNet-

optimized images significantly enhanced performance across 

three out of four metrics on both datasets. 

F. Comparison with TL and SSL 

TL is frequently employed in scenarios where sample 

resources are limited, while SSL typically addresses data 

labeling challenges. However, both methods necessitate 

additional data collection. In the absence of a disease dataset 

with a similar distribution as the target task, we directly use 

LSA to generate synthetic data. For TL, the synthetic data is 

first used for pre-training, then fine-tuned on the target task. 

For SSL, we apply the advanced MAE method. RETFound 

[68], which leverages MAE for self-supervised learning on 

large-scale OCT and CFP images, serves as a powerful feature 

extractor. We enhance RETFound with a SAM-like decoder to 

produce segmentation masks and perform SSL training on 

synthetic data. 

As shown in Fig. 5 (A)&(B), the TL method boosts 

performance on six networks (UNet, UNet++, TransUNet, 

MANet, SwinUNetr, LiteMedSAM) on the BV1000 dataset, 

and it improves four of six networks On the RPHS dataset 

(“T -CA” vs. “D-CA”). The SSL method on synthetic data 

also enhances performance on both datasets, demonstrating 

the effectiveness of our synthetic data for both TL and SSL. 

However, both methods lag behind the proposed TAMS, 

highlighting the need for innovation via meta-learning. 

Notably, the SSL method achieves the lowest performance 

among all approaches. While SSL tackles data labeling 

challenges, it requires a large volume of unlabeled data [86]. 

The generation or collection of sufficient unlabeled data also 

poses significant challenges. Moreover, when all training data 

are labeled, SSL underperforms fully supervised methods. In 

summary, SSL is unsuitable for disease segmentation tasks 

without a large volume of unlabeled disease data. Even with 
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our synthetic dataset of a few thousand disease images, 

improvements are limited. 

 
Fig. 5 Results of DL, TL, SSL, and common data augmentation methods. 

"CA" indicates that common data augmentation methods were used during DL, 

TL or meta-training, while “None” indicates that no data augmentation 

methods were used. 

G. Result by Different Backbones as Segmentation Networks 

In addition to UNet, we have integrated UNet++, MANet, 

SwinUNetr, and TransUNet into our TAMS framework (Table 

V). Compared with fully supervised DL training paradigms, 

TAMS achieved significant performance enhancements for 

four out of five architectures (excluding TransUNet) on the 

BV1000, while exhibiting universal optimization across all 

networks on RPHS. Despite not having the highest relative 

gains in all scenarios, UNet with TAMS maintained optimal 

performance. Notably, TAMS demonstrates stable 

enhancement effects on homogeneous architectures (e.g., pure 

CNN-based UNet or pure Transformer-based SwinUNet), yet 

requires robustness improvements for hybrid architectures like 

TransUNet. 

 

VI DISCUSSIONS 

A. Challenge in Lager Scale Data Collection and Annotation 

Deep learning's strong dependence on large-scale data has 

severely hindered its application in the medical field, 

especially for the segmentation of rare retinal diseases. Firstly, 

collecting enough samples is challenging. Secondly, labeling 

these samples is difficult. Thirdly, the variety of medical data 

and different scanner specifications significantly limit the 

performance of segmentation models. TL [14-19], domain 

adaptation [34-36, 53], multitask learning [29-31, 87], and 

incremental learning[23-25, 27, 28], these methods struggle 

with the challenges of collecting similar datasets. Common 

data augmentation methods, such as rotation, noise injection, 

and cropping et al., only produce highly correlated images, 

limit the ability to emulate real lesion variations [49-52, 88]. 

Moreover, although the synthetic data generated by our LSA 

can be directly utilized to enhance TL and SSL methods, it is 

less effective than our TAMS, as shown in Fig. 5 (A)&(B), 

underscoring the value of our innovative meta-learning-based 

approach. 

Generative models, such as CycleGAN [56], GAN [54] and 

Diffusion methods [57], face difficulties in controlling the 

generation process and present several issues: 1) lack of 

interpretability and difficulty in control during generation; 2) 

challenge in simultaneously simulating images and 

segmenting labels; 3) poor quality of complex retinal images, 

especially those with lesions, which fail to meet the 

requirements of segmentation models. To address these 

problems, we customize characteristics for specific diseases, 

then use models to optimize, compensating for factors not 

addressed in the customization process. Our approach 

enhances the interpretability of the simulation algorithm, 

ensures the quality of synthetic images, and generates 

corresponding segmentation labels simultaneously. 

Our TAMS has demonstrated great potential in addressing 

challenges associated with limited resources and scarcity of 

labeled samples. TAMS leverages common knowledge 

learned from multiple meta-training tasks, constructed using 

multi-class synthetic images, to quickly adapt to lesion 

segmentation in target tasks.  

B. Rich Multi-Class Data for Constructing Meta-Tasks  

The effectiveness of meta-learning critically depends on the 

availability of rich multi-class data for constructing meta-tasks. 

Although there are natural image datasets for few-shot 

segmentation studies, such as FSS-1000 [78], there are no 

similar datasets in the medical field with rich categories and 

sufficient samples. Moreover, to fully realize the potential of 

meta-learning, the domain gap between tasks must be 

carefully calibrated. 

The domain gap between meta-training tasks must be 

balanced—not too large or too small. R. Khadga et al. [47, 48] 

utilized five medical datasets as distinct classes, randomly 

sampling data from these five classes to construct multi-tasks. 

However, the large domain gap between meta-training tasks 

hindered the meta-learning algorithm’s ability to learn useful 
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common prior knowledge from the known task distribution, as 

shown in Fig. 4. Conversely, if the distributions of different 

classes are too similar (e.g., using random rotations or 

deformations to augment the data), meta-learning struggles to 

extract useful common knowledge to generalize to new tasks, 

failing to enhance meta-tasks, as shown in Fig. 5 (c). 

Therefore, it is necessary to simultaneously generate new 

samples and classes. Similarly, MetaMed [89] uses CutOut, 

MixUp, and CutMix to augment the data for meta-tasks. 

Although these methods improve model performance, they are 

mainly effective for classification tasks where labels are easily 

obtainable. 

The domain gap between meta-training tasks and meta-

testing tasks (target tasks) must not be too large. Even if the 

multi-tasks in meta-training share the same distributions, 

meta-level overfitting can still occur if the meta-training and 

meta-testing tasks are sampled from different task 

distributions or have a large domain gap [90]. For example, 

using multi-tasks constructed from the class-enriched FSS-

1000 [78] dataset, which has a large domain gap from the 

target retinal dataset, makes it impossible to learn prior 

knowledge that can be used to segment retinal diseases, as 

shown in Fig. 4. 

Rather than simply overlaying lesions from real RP or CNV 

images onto a background, the algorithm ensures a thorough 

analysis of various factors, concerning the relationship 

between the simulated lesion and the background. Specifically, 

it considers: 

 Brightness Relationship: The brightness correlation 

between the simulated lesion and the background 

image. 

 Pixel Distribution: The pixel distribution around the 

simulated lesion. 

 Background Suitability: Whether the background 

image is suitable for generating the simulated lesions. 

 Location Appropriateness: Determining the optimal 

placement of the simulated lesions. 

In summary, the synthetic data automatically generated by 

our LSA not only possesses rich categories, but also ensures 

appropriate inter-domain differences between the multi-class 

data used for meta-training and the target data. Moreover, 

LSA has been applied to both common and rare retinal 

diseases (CNV, PED, Drusen, and RP), and is applicable to 

both OCT and CFP, independent of scanner specifications. It 

is also potentially extendable to more rare retinal diseases (e.g., 

Punctate Inner Choroidopathy, Primary Vitreoretinal 

Lymphoma). 

C. TAMS Improvement on Retinal Disease Segmentation 

We evaluated our method on two retinal diseases, CNV and 

RP, using three scanner specifications and two imaging types 

(CFP and OCT). Our method demonstrated superior lesion 

segmentation performance across various datasets. 

Specifically, on the BV1000 dataset, our method outperformed 

the second-best method, improving DSC, IoU, Recall, and 

Precision by 11.59%, 13.46%, 13.01%, and 6.64%, 

respectively. The improvements on the RPHS dataset were 

4.24%, 4.46%, 6.02%, and 0.35%, respectively, while on the 

RIPS dataset, the improvements were 3.85%, 3.77%, 5.38%, 

and 3.21%, respectively. For the BV1000 dataset, our method 

required only 30% of the annotation data to achieve the same 

performance as the second-best methods using all the 

annotation data, and this proportion was 40% on the RPHS 

dataset. By utilizing common meta-task knowledge built on 

multi-class synthetic data, our method reaches the optimal 

solution with fewer model updates (Fig.13 in the Appendix). 

Furthermore, compared to TL, SSL, common data and task 

augmentation methods (Fig. 5), and various segmentation 

backbones (Table V), our approach demonstrates overall 

superior performance and demonstrated perfect extension on 

PED and Drusen (Fig. 12 in the Appendix).  

D. Future work 

Currently, hyperparameters involved in lesion simulation 

functions still need to be manually adjusted, which is highly 

sensitive. In the future, we plan to use DL models to play a 

greater role in the lesion customization process of LSA, 

thereby reducing manual intervention and increasing the 

method's universality. Additionally, future work will explore 

incorporating more advanced transformer-based models to 

extend TAMS’s potential, especially medical-image pretrained 

larger models.  

VII. CONCLUSION 

In this paper, we proposed a task augmentation-based meta-

learning method for retinal image segmentation (TAMS). 

Specifically, we introduced a retinal Lesion Simulation 

Algorithm (LSA) to automatically generate multi-class 

synthetic data and corresponding pixel-level segmentation 

labels for building meta-training tasks.  LSA consists of a 

Simulation Function Library for lesion feature customization 

and a generative simulation network (GSNet) to optimize 

synthetic images. TAMS integrates two model-agnostic meta-

learning algorithms namely iMAML and MAML, based on 

 SA’s meta-training tasks to augment the meta-learning 

process at the task level. TAMS improves the model's 

segmentation performance by achieving higher accuracy, 

faster convergence rates, and reduced reliance on annotated 

samples; it is independent of scanner specifications and has 

potential for extension to additional retinal diseases and 

imaging modalities. 
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Source code available at 

https://github.com/wangjingtao93/TAMS. 
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The BV1000 and RPSH dataset supporting the findings of 

the current study are not publicly available due to the 

confidentiality policy of the National Health Commission of 

China and institutional patient privacy regulation. But we have 

released the synthetic data available at 
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