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Dual Difficulty-aware Adaptive Pseudo Labeling for
Semi-supervised CNV Segmentation

Jie Guo*, Liangyun Sun*, Lishan Qiao, Xiushan Nie, Jixin Yang, Weicui Li, Ying Guo, Xiaoming Xi†, Xinjian
Chen†, Yilong Yin

Abstract—In clinical practice, obtaining a large amount of
labeled CNV data is very difficult. Semi-supervised learning
can effectively utilize a large amount of unlabeled CNV data.
Since CNV has complex features such as blurred and unevenly
distributed pixels on the edges, there are differences in the
segmentation difficulty between pixels in the same image. Existing
semi-supervised segmentation methods do not consider the seg-
mentation difficulty of pixels, which will reduce the segmentation
accuracy. To address this problem, we propose a dual difficulty-
aware adaptive pseudo-label learning (D2APL) method for semi-
supervised CNV segmentation. The proposed dual difficulty
awareness includes segmentation difficulty perception of pixels
in labeled and unlabeled data. For labeled data, we propose a
classification confidence-guided difficulty perception method. For
unlabeled data, we propose a model stability-guided difficulty
perception method. Finally, we propose a difficulty-aware self-
training method to dynamically adjust the threshold of pseudo-
labels according to the difficulty, thereby improving the utiliza-
tion of difficult-to-segment pixels in unlabeled data. Experimental
results show that our method outperforms the state-of-the-art
method in CNV segmentation.

Index Terms—CNV segmentation, Semi-supervised learning,
Dual difficulty aware, Pseudo labeling

I. INTRODUCTION

LATE-STAGE age-related macular degeneration (AMD)
typically involves the formation of choroidal neovascu-

larization (CNV), which is a major cause of vision loss and
irreversible blindness [1]–[3]. Optical Coherence Tomography
(OCT) has been widely used in the diagnosis of CNV in recent
years. Compared to other imaging methods, OCT offers the

Manuscript received April 19, 2021; revised August 16, 2021.
Jie Guo, Liangyun Sun, Lishan Qiao, Xiushan Nie, Xiaoming Xi

are with the School of Computer Science and Technology, Shandong
Jianzhu University, Jinan, 250101, China (e-mail: guojiesdu@163.com;
sly315630@126.com; qlishan@163.com; niexiushan@163.com;
fyzq10@126.com)

Jixin Yang is with the Kailin Environmental Protection Equipment, Heze,
China (e-mail: linxiangxls@126.com)

Weicui Li is with Shandong Institute of Scientific and Technical Informa-
tion, Jinan, 250101, China (e-mail: 15964028157@163.com)

Ying Guo is with the Key Laboratory of Computing Power Network and
Information Security, Ministry of Education, Qilu University of Technol-
ogy(Shandong Academy of Sciences), Jinan, 250014, China (e-mail: guoy-
ing@sdas.org)

Xinjian Chen is with the School of Electronics and Informa-
tion Engineering, Soochow University, Jiangsu, 215006, China (e-mail:
xjchen@suda.edu.cn)

Yilong Yin is with the School of Sofware, Shandong University, Jinan,
250101, China (e-mail: ylyin@sdu.edu.cn)

* These authors contributed equally to this work and should be considered
co-first authors.

†Corresponding authors: Xiaoming Xi(e-mail:fyzq10@126.com); Xinjian
Chen(e-mail: xjchen@suda.edu.cn)

Fig. 1. An example showcasing the challenges of semi-supervised CNV
segmentation. (a) Original image (b) Uncertainty map (c) Visualization of
the difficult-to-segment pixel regions.

advantages of non-invasiveness, rapid image acquisition, and
high safety [4].

Accurate segmentation of CNV can assist physicians in
diagnosing and treating diseases. Through observation of these
regions, physicians can gain insights into CNV lesion areas,
volume, and other information, facilitating disease diagnosis
and treatment. In clinical practice, obtaining a large amount
of labeled CNV data is very difficult, which limits the accu-
racy of current automatic segmentation methods. Therefore,
it is particularly important to use semi-supervised learning to
realize the utilization of a large amount of unlabeled CNV
data.

Existing semi-supervised segmentation methods have
achieved good performance in medical image segmentation.
However, challenges such as blurred and unevenly distributed
pixels at the boundaries of CNV images pose significant
difficulties for semi-supervised CNV segmentation. These
characteristics often lead to large intra-class variations. There-
fore, the complex characteristics of CNV result in difficult-
to-segment regions in OCT images, leading to significant
uncertainty in CNV segmentation results. Most existing semi-
supervised segmentation methods employ difficulty aware-
ness to address the challenge of difficult-to-segment pixels.
These methods typically characterize the importance of pixels
through uncertainty, thereby guiding the network to focus on
difficult-to-segment pixels. However, these methods have some
limitations in semi-supervised CNV segmentation: 1) They
have insufficient knowledge learning of difficult-to-segment
pixels. In the uncertainty calculation, they do not fully leverage
the classification confidence information from labeled data and
the reliability of unlabeled data. 2) They did not consider the
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difficulty information of pixels when generating pseudo-labels.
This issue leads to the knowledge of difficult-to-segment pixels
with confidence below the threshold failed to be learned.
Thereby reducing the quality of pseudo-label generation and
the accuracy of CNV segmentation. In Fig. 1(b) and Fig.
1(c), we respectively show the estimated uncertainty and the
difficult-to-segment pixel regions. As shown in Fig. 1, the
high-uncertainty regions in Fig. 1(b) cover only a subset of
the difficult-to-segment pixels shown in Fig. 1(c).

To address the above problems, we propose a dual
difficulty-aware adaptive pseudo-label learning method for
semi-supervised CNV segmentation. In supervised learning,
we propose a classification confidence-guided difficulty-aware
module (CCDM). This module uses the Monte Carlo dropout
method to estimate the uncertainty of segmentation results
and combine it with classification confidence to enhance the
importance of difficult-to-segment pixels during training. In
unsupervised learning, we propose a model stability-guided
difficulty-aware module (MSDM). This module uses stability
scores to evaluate prediction reliability, and then integrates
prediction uncertainty and reliability information to facilitate
learning of difficult-to-segment pixels in unlabeled samples.
Additionally, we introduce a difficulty-aware pseudo-labeling
module (DPM). This module uses the uncertainty and relia-
bility information of sample predictions as prior knowledge to
perceive pixel-wise differences in segmentation difficulty. It
dynamically adjusts thresholds based on the segmentation dif-
ficulty of pixels, thereby improving the utilization of difficult-
to-segment pixels in unlabeled data.

The main contributions of the proposed method are sum-
marized as follows:

1) We introduce pixel segmentation difficulty in semi-
supervised CNV segmentation and propose a dual-difficulty-
aware adaptive pseudo-labeling method for semi-supervised
CNV segmentation.

2) For labeled and unlabeled data, we respectively propose
classification confidence-guided and model stability-guided
pixel segmentation difficulty-aware methods, enabling the net-
work to focus on learning difficult-to-segment pixels during
semi-supervised training.

3) We propose a difficulty-aware self-training method that
considers the difficulty of pixel segmentation in the process of
selecting pseudo-labels, enhancing the utilization of difficult-
to-segment pixels in unlabeled data.

The remainder of the paper is organized as follows. Section
II presents a review of related work. Sections III provide a
detailed report on the proposed method. We report the dataset,
experimental settings, and results in Section IV, and conclusion
in Section V.

II. RELATED WORK

A. CNV Segmentation

With the advancement of machine learning technology
[56]–[59], a series of automatic CNV segmentation methods
have been successively proposed. Traditional shallow machine
learning and graph-based models have gradually been em-
ployed for CNV segmentation.

Lang et al. [6] applied a random forest classifier to the
segmentation of macular cube images. The segmentation of
retinal layers is achieved by classifying boundary pixels of
the retinal layers to determine the segmentation boundaries.
Xu et al. [7] utilized a layer-correlated hierarchical sampling
strategy in a novel voxel classification-based approach to
achieve automatic segmentation of three-dimensional retinal
fluid. Li et al. [8] proposed a CNV segmentation method based
on 3D HOG features and updated random forests, achieving
automatic CNV segmentation in 3D spectral OCT images. Zhu
et al. [9] employed a reaction-diffusion model to fit the growth
of CNV over spatial and temporal dimensions, presenting a
3D OCT-based model for predicting CNV growth. Xiang et
al. [10] proposed a fully supervised method for automatic
segmentation of retinal layers in OCT images containing CNV.

Given the significant breakthroughs of deep learning in
medical image segmentation, there is increasing attention
from researchers on deep learning-based CNV segmentation
methods. Researchers have undertaken many studies to address
the challenges posed by CNV-induced retinal layer morpho-
logical changes, variability in size and shape of CNV regions,
quality issues in OCT images and challenge of blurry CNV
boundaries.

For CNV-induced retinal layer morphological changes,
Meng et al. [14] proposed a multi-scale information fusion
network based on a U-shaped structure. Shen et al. [15] intro-
duced graph attention encoder and graph de-correlation mod-
ules into the U-Net framework, proposing a graph attention-
based U-shaped segmentation network for retinal layer surface
detection and CNV segmentation. Wang et al. [5] proposed
a dynamic multi-level weighted segmentation network to
achieve simultaneous segmentation of the retinal layer and
CNV. Ke et al. [18] proposed a data-driven dual-path network
that includes an expansive path and a guidance path, which
guide the network’s focus on learning CNV boundary infor-
mation.

For variability in size and shape of CNV regions, Xi et
al. [12] introduced an Information Attention Convolutional
Neural Network for CNV segmentation. They incorporated an
attention enhancement module into the U-Net framework to
boost the network’s ability to learn discriminative information.
Wei et al. [16] proposed a Spatial Pyramid Pooling module that
enables the model to extract contextual information at different
scales. Zhang et al. [19] introduced a Cross Convolution
module based on anisotropic convolutions into the 3D U-Net
framework to learn features of CNV with different shapes.

For quality issues in OCT images and the challenge of
blurry CNV boundaries, Wang et al. [11] introduced a two-
stage CNN structure based on OCTA images, which achieves
fully automated diagnosis and segmentation of CNV. Su et al.
[13] enhanced the U-Net network by introducing a Discrete
Dilated Module capable of extracting contrast information
between background and foreground pixels. Chen et al. [17]
proposed a reliable boundary-guided network for simultaneous
segmentation of CNV regions and vessels.

This article has been accepted for publication in IEEE Transactions on Circuits and Systems for Video Technology. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2025.3571806

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Soochow University. Downloaded on September 07,2025 at 04:44:45 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 3

B. Semi-supervised Learning

The success of semi-supervised learning methods in clas-
sification [20]–[23] has promoted the development of semi-
supervised semantic segmentation methods [24]–[27]. Cur-
rently, the two mainstream semi-supervised learning methods
are consistency-based semi-supervised learning [28]–[32] and
self-training-based semi-supervised learning [33], [34].

Consistency-based semi-supervised learning methods en-
force models to maintain consistent predictions for the same
unlabeled data under different perturbations. French et al. [35]
utilized CutOut and CutMix as strong augmentation techniques
to perturb input images. CPS [36] employed two models
with identical structures but different initializations during the
semi-supervised learning process. Liu et al. [37] introduced
feature perturbations to explore consistency at the feature level,
enhancing the predictive performance of student networks by
introducing a novel auxiliary teacher network. In semantic
segmentation tasks, consistency-based semi-supervised learn-
ing methods have been demonstrated to outperform pseudo-
labeling based semi-supervised learning methods [38].

The semi-supervised learning method based on self-training
was originally used for image classification by utilizing a large
amount of unlabeled data. Subsequently, it has been applied
to image segmentation tasks [39]–[44]. Wang et al. [45]
proposed a semi-supervised semantic segmentation method
using unreliable pseudo-labels. Yuan et al. [42] pointed out
that excessive perturbations in unlabeled images are disastrous
for cleaning data distribution. Furthermore, to address the
issue of class imbalance in pseudo-labels, He et al. [41]
adjusted the class distribution between real and pseudo-labels.
To further consider the reliability of unlabeled data, Yang et al.
[46] proposed a more advanced self-training framework. This
framework uses stability scores to select highly trustworthy
unlabeled samples for subsequent iterative training.

Existing CNV segmentation methods do not take into
account the differences in pixel segmentation difficulty. Al-
though semi-supervised image segmentation methods consider
pixel segmentation difficulty, they primarily rely on uncer-
tainty to measure sample difficulty, leading to insufficient
utilization of valuable information in hard samples. This
leads to poor pseudo-label generation quality and reduces
CNV segmentation accuracy. Therefore, we incorporate pixel
difficulty into both the training of the segmentation net-
work and the pseudo-label generation. Through classification
confidence-guided and model stability-guided pixel segmenta-
tion difficulty-aware methods, the network can focus on learn-
ing difficult-to-segment pixels during semi-supervised training
process. Through a difficulty-aware self-training strategy, the
threshold for pseudo-labels is dynamically adjusted based on
difficulty. This enhances the utilization of difficult-to-segment
pixels in unlabeled data and improves the performance of CNV
segmentation.

III. METHOD

A. Problem formulation

Medical image segmentation requires pixel-level labels.
However, manually labeling images at the pixel level is time-

consuming and costly. In reality, a large amount of medical im-
age data is unlabeled. Therefore, we adopt a semi-supervised
learning approach, leveraging both labeled and unlabeled data
to learn richer semantic information. We formalize the problem
of CNV semantic segmentation as follows.

Given labeled dataset Dl = {(x1, y1) , . . . (xn, yn)},which
contains n labeled samples, each sample comprised of an input
image xi with dimensions H×W and its corresponding pixel-
level label yi ∈ RH×W×C , where C is the number of classes
and H × W is spatial dimension. Given unlabeled dataset
Du = {u1, u2, . . . , um} including m unlabeled samples, with
m ≫ n. The purpose of CNV segmentation based on semi-
supervised learning is to learn a model f based on the samples
D, with D = Dl ∪Du. We employ the standard U-Net as the
Segmentation Model in our D2APL.

B. Proposed approach

In this paper, a novel semi-supervised segmentation frame-
work is proposed to address the aforementioned challenges
in the CNV segmentation. As shown in Fig. 2, the proposed
framework contains three modules: Classification Confidence-
guided Difficulty-aware Module (CCDM), Model Stability-
guided Difficulty-aware Module (MSDM), and Difficulty-
aware Pseudo-labeling Module (DPM). For labeled data, we
utilize CCDM to perceive the segmentation difficulty of pixels.
For unlabeled data, we generate pseudo-labels using DPM and
then employ MSDM to perceive the segmentation difficulty
of pixels. The difficulty-aware modules are used to guide the
segmentation process to focus on challenging pixels.

1) Classification Confidence-guided Difficulty-aware Mod-
ule: Inspired by uncertainty estimation methods based on
Bayesian networks, the CCDM first utilizes the Monte Carlo
Dropout method [50], [51] to estimate uncertainty. Specifi-
cally, during training, the model performs T forward passes
under random dropout. Based on this, a set of predictions is
obtained, and the information entropy of these predictions is
calculated to approximate uncertainty. A higher entropy value
indicates greater prediction uncertainty and thus greater diffi-
culty in predicting the sample by the network. The calculating
prediction entropy of the j-th pixel in the i-th labeled image
can be summarized as:

µc
i =

1

T

∑
t

P c
t , rji =

∑
c

µc
ij logµ

c
ij (1)

Where P c
t is the probability of the c-th class in the t-th time

prediction for the image xi, c is the category of a pixel. The
uncertainty of the labeled pixel is estimated in CCDM, and
the uncertainty map of the labeled image is ri.

Perceiving the segmentation difficulty of pixels only from
the perspective of uncertainty will cause the network to ignore
difficult pixels which have low uncertainty but are predicted
incorrectly. To address this, we add the classification confi-
dence in the process of computing sample importance weights.
By combining classification confidence with uncertainty, it
perceives the difficulty of samples and guides the network
to focus on learning difficult-to-segment pixels. Specifically,
the module utilizes cross-entropy loss to measure the distance
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Fig. 2. The flowchart of the proposed D2APL framework. For labeled data, we utilize Classification Confidence-guided Difficulty-aware Module (CCDM)
to perceive the segmentation difficulty of pixels. For unlabeled data, we generate pseudo-labels using Difficulty-aware Pseudo-labeling Module (DPM) and
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Fig. 3. The flowchart of CCDM. It utilizes the Monte Carlo Dropout method
to estimate uncertainty. By combining label information with uncertainty, it
perceives the difficulty of samples and guides the network to focus on learning
difficult-to-segment pixels.

between each pixel’s prediction and its corresponding label
and multiplies this distance by the uncertainty estimate to
obtain the importance weight of the pixel. The formula for
calculating the importance weight of the pixel in labeled image
xi is:

wj
i = elr

j
i (2)

Where l = eL, and L is the cross-entropy loss. wj
i ∈ RH×W

is the importance weight of the pixel in labeled image xi. In
the supervised learning stage, the importance weight map wi

is used for the supervised loss Ls. The Ls can be summarized

as:

Ls =
1

Bl

Bl∑
i=1

H×W∑
j=1

wj
iD

(
yji , f

(
α
(
xj
i

)
; θ
))

/(H ×W )


(3)

Where Bl is the size of a mini-batch of labeled images, D(·)
is the cross-entropy loss, and α(·) is the weakly augmented
operation. In all of our experiments, weak augmentation is
a standard flip-and-shift augmentation strategy. xj

i is the j-th
pixel in labeled image xi, y

j
i is the label of xj

i . The framework
of CCDM is shown in Fig.3. Guided by the importance
weight map wi and classification confidence, the network pays
more attention to learning difficult-to-segment pixels in the
labeled data, thereby improving the segmentation performance
of difficult-to-segment pixels in OCT images of labeled CNV.

2) Model Stability-guided Difficulty-aware Module: In the
model stability-guided difficulty-aware module, the uncer-
tainty of unlabeled data is initially estimated using the Monte
Carlo Dropout method, as shown in the following equation:

ρci =
1

T

∑
t

P c
t , zji =

∑
c

ρcij logρ
c
ij (4)

Where P c
t is the probability of the c-th class in the t-th time

prediction for the image ui, c is the category of pixel. The
uncertainty of an unlabeled pixel is estimated in MSDM, and
the uncertainty map of an unlabeled image is zi.

To mitigate the impact of noise and pseudo-labels on the
network, traditional semi-supervised segmentation methods
only calculate the importance weight map of unlabeled data
based on the uncertainty map, thereby guiding the network to
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Fig. 4. The flowchart of MSDM. It utilizes the Monte Carlo Dropout
method to estimate uncertainty and adopts a distributed hierarchical clustering
prototype learning method and checkpoints to compute stability scores. By
combining stability scores with uncertainty, it perceives the difficulty of
samples and guides the network to focus on learning difficult-to-segment
pixels with low uncertainty but incorrectly predicted.

focus more on learning pixels with low uncertainty. However,
this approach overlooks learning difficult-to-segment pixels
with high prediction uncertainty in unlabeled data, which
is not conducive to learning knowledge from difficult-to-
segment pixels. To enhance the segmentation performance of
difficult-to-segment pixels in unlabeled data, we add reliability
estimation in MSDM. By computing stability scores of pixels
to assess the reliability of pixel prediction results, and fusing
the obtained reliability map with the uncertainty map to
calculate the importance weight of unlabeled data, the network
is guided to focus more on learning difficult-to-segment pixels
in unlabeled data. The framework of MSDM is shown in Fig.4.

In MSDM, the pixel-level stability score is calculated to
measure the reliability of the prediction results for each pixel.
Since the calculation of stability scores requires historical
prediction results as a basis, we add MSDM and DPM (in
subsection 3.2.3) into the proposed D2APL model after a
period of training. Specifically, we use a manually set time
point H to control the timing of introducing MSDM and DPM
into the model. When EP > H , MSDM and DPM are added
to the model, where EP represents the current training epoch.
After each training epoch, the model saves a checkpoint,
resulting in a sequence of checkpoints {Cep}EP

ep=1. We use
the saved checkpoints to predict the unlabeled image ui, the
results of the prediction is {ŷepi }EP

ep=1.
To compute more accurate stability scores, we adopt a

distributed hierarchical clustering prototype learning method to
obtain K−1 representative prediction results from {ŷepi }EP

ep=1.
Specifically, all prediction results except ŷEP

i are divided into
K − 1 groups, and hierarchical clustering is performed on
each group to obtain K − 1 representative prediction results.
These K−1 prediction results are considered as prototypes. As
the model tends to converge and achieve optimal performance
in the later stages of training, we calculate the Kullback-
Leibler (KL) divergence between prototypes and templates
(the prediction results of unlabeled images from the last
checkpoint), to measure the similarity between prototypes and

templates. The collection consisting of K − 1 prototypes and
the template can be represented as {Vj}Kj=1. The value of KL
divergence serves as a measure of stability for quantifying the
similarity between the learned prototypes and the predefined
templates. The formula for calculating stability scores is as
follows:

si =

K−1∑
j=1

VK log

(
VK

Vj

)
(5)

MSDM estimates the reliability of prediction results for
unlabeled data at the pixel level, resulting in a reliability map
si for unlabeled image ui. The reliability score sji of the j-th
pixel in the unlabeled image ui and the uncertainty score zji
are further utilized for computing the importance weights, as
shown in the following equation:

wj
i = zji e

sji (6)

The importance weight map wi of unlabeled images dis-
tinguishes the segmentation difficulty of pixels from the per-
spectives of prediction uncertainty and reliability. It guides
the network to focus on learning reliable but difficult-to-
segment pixels in unlabeled images, thereby enhancing the
segmentation performance of difficult-to-segment pixels in
unlabeled images. Furthermore, we designed a difficulty-aware
unsupervised loss, as shown in the following equation:

Lu =
1

Bu

Bu∑
i=1

∑H×W
j=1 wj

i 1
(
max

(
qji

)
≥ τ

)
D

(
q̂ji , p

j
i

)
H ×W


(7)

Where, Bu is the size of a mini-batch of unlabeled images,
qji = f

(
α
(
uj
i

)
; θ
)

is the predicted probability of pixels in

weakly augmented images. ˆ
qji = argmax

(
qji

)
is the corre-

sponding pseudo-label. uj
i is the j-th pixel in the unlabeled

image ui, pji = f
(
A
(
uj
i

)
; θ
)

is the predicted probability
of pixels in strongly augmented images, A(·) is the strongly
augmented operation. The strongly augmented operation is
RandAugment and Cutout. τ represents the confidence thresh-
old, where 1(·) denotes the conditional function. Pseudo-labels
are generated only when the predicted confidence of a pixel
is greater than the corresponding threshold.

3) Difficulty-aware Pseudo-labeling Module: The threshold
τ is uniformly set for all pixels in the image and does not con-
sider the variability of pixel segmentation difficulty. Difficult-
to-segment pixels with confidence below the threshold cannot
be learned by the network, reducing the network’s utilization
of difficult-to-segment pixels in unlabeled data. To address this
issue, we propose a Difficulty-Aware Pseudo Labeling Module
(DPM) to obtain pseudo-labels. Since the importance weight
wi of unlabeled data perceives the segmentation difficulty
of pixels from the perspectives of prediction stability and
uncertainty, DPM further adjusts the confidence threshold τ
using wi, the formula is as follows:

τ ijep =

{
τ

wj
i

, if ep < Tmax

τ, otherwise
(8)
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Where, τ is the initial threshold, and Tmax is the maximum
number of training epochs for dynamic threshold adjustment.
During unsupervised training, difficult-to-segment pixels with
reliable predictions are assigned smaller thresholds, thereby
increasing the network’s utilization of reliable difficult-to-
segment pixels in unlabeled data. The pseudo-labels obtained
through DPM will be merged into the labeled dataset for
subsequent iterative training. After adding the DPM, the
unsupervised loss is shown as follows:

Lu =
1

Bu

Bu∑
i=1

∑H×W
j=1 wj

i 1
(
max

(
qji

)
≥ τ ijep

)
D

(
q̂ji , p

j
i

)
H ×W


(9)

The unsupervised loss Lu and the supervised loss Ls jointly
constitute the objective loss L. The objective loss is shown as
follows:

L = Ls + λLu (10)

Where λ is a balancing factor.

IV. EXPERIMENTS

We evaluate the effectiveness of the proposed method from
multiple aspects. Through ablation studies, we demonstrate
the effectiveness of the CCDM, MSDM, and DPM modules.
We also conduct ablation studies on the time point H and
the number of prototypes K. Furthermore, we compare our
proposed method with other semi-supervised segmentation
methods and CNV segmentation methods, providing evidence
of its effectiveness.

The dataset includes 3510 images, with 2174 images for
the training set and 1336 images for the test set. The ratio of
unlabeled to labeled data in the training set is approximately
2:1. In our experiments, we set the time step H to 20, and
the value of K is calculated as ⌈ep/5⌉, where ⌈·⌉ denotes the
ceiling operation. The learning rate, batch size, and number of
epochs are set to 0.001, 16, and 150, respectively. All exper-
iments are conducted using the Adam optimizer in PyTorch
under Python 3.6.9.

A. Ablation Study

This section is to validate the effectiveness of the CCDM,
MSDM, and DPM modules. From Table I and Fig.5, we can
observe that the absence of the CCDM and MSDM modules
leads to a significant decrease in segmentation accuracy.
Notably, the segmentation accuracy is the lowest when the
CCDM module is missing. This is because guiding uncertainty
estimation through category confidence can direct the network
to focus on learning difficult-to-segment pixels that have low
uncertainty but are predicted incorrectly. The absence of this
module results in some pixels being predicted inaccurately.
Additionally, uncertainty estimation and model stability can
guide the network to focus on learning difficult-to-segment
pixels while ensuring model stability. The lack of this module
leads to model instability, which affects segmentation perfor-
mance. Furthermore, the segmentation accuracy also declines
when the DPM module is missing. This is because, during
the generation of pseudo-labels, thresholds are not set based

TABLE I
THE EFFECTIVENESS VALIDATION OF THE MODULES IN D2APL

Method TPR Dice IoUCCDM MSDM DPM
✓ ✓ - 0.8264 0.8153 0.7221
✓ - ✓ 0.8121 0.8044 0.7090
- ✓ ✓ 0.7929 0.7997 0.7047
✓ ✓ ✓ 0.8615 0.8337 0.7489

TABLE II
ABLATION STUDY ON THE TIME POINT

The value of H 20 40 60 80
IoU 0.7489 0.7352 0.7207 0.7064

TABLE III
ABLATION STUDY ON THE TOTAL NUMBER OF THE PROTOTYPES

The value of K ⌈ep/15⌉ ⌈ep/10⌉ ⌈ep/6⌉ ⌈ep/5⌉
IoU 0.7302 0.7243 0.7409 0.7489

TABLE IV
COMPARISON OF UNCERTAINTY ESTIMATION METHODS IN D2APL

method TPR Dice IoU
D2APL(TEU) 0.8106 0.7996 0.7040

D2APL(Correctness) 0.8403 0.8229 0.7307
D2APL(MC Dropout) 0.8615 0.8337 0.7489

on the segmentation difficulty of the pixels. This results in
a decrease in the quality of pseudo-labels, thereby impacting
segmentation performance.

We conduct ablation studies on the time point H, which is
used to control the timing of introducing MSDM and DPM.
As shown in Table II, setting H to 20 proves to be effective.
Notably, as H increases, the IoU values exhibit a decreasing
trend, indicating that an earlier introduction of MSDM and
DPM leads to better results. In summary, an earlier introduc-
tion of MSDM and DPM ensures that the model progressively
adapts to pixel segmentation difficulty from the initial training
stages. This results in better pseudo-label selection and higher
segmentation performance. We also conduct ablation studies
on K, which represents the total number of the prototypes in
MSDM for each sample. As shown in Table III, setting K
to ⌈ep/5⌉proves to be effective, where ep is the number of
epochs.

In order to validate the necessity of using Monte Carlo
Dropout to estimate uncertainty, we have conducted a com-
parative analysis in our experiments. Specifically, we com-
pared the Monte Carlo Dropout (MC Dropout) method with
the Traditional Entropy-based Uncertainty (TEU) estimation
method and Correctness [60] within our framework. From
Table IV, we can observe that the Monte Carlo Dropout
method achieves the best performance across all evaluation
metrics. The main reason lies in the fact that TEU and
Correctness rely on a single prediction to estimate uncertainty.
In contrast, MC Dropout performs multiple stochastic forward
passes with dropout, which effectively captures variations in
the model’s confidence, particularly in challenging areas. This
makes uncertainty estimation more robust.
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Fig. 5. The segmentation results of the ablation study.

B. Comparison with semi-supervised methods

D2APL is compared with existing semi-supervised segmen-
tation methods to evaluate the effectiveness of the proposed
approach. Methods such as PseudoSeg [43] , PC2Seg [44]
, CPS [36] , ST++ [46] , and Unimatch [49] leverage a
large amount of unlabeled data through pseudo-supervision.
However, they did not consider the difficulty of pixel seg-
mentation during model training. This results in valuable
information from a significant number of difficult-to-segment
pixels being overlooked, thereby limiting the improvement of
model performance in segmenting difficult pixels.

D2APL proposes dual difficulty-aware mechanisms, CCDM
and MSDM, for labeled and unlabeled data respectively.
These mechanisms perceive the segmentation difficulty of
pixels based on the classification confidence and reliability
of prediction results, guiding the network to focus more on
learning difficult-to-segment pixels, thus improving the seg-
mentation performance. Furthermore, compared to traditional
semi-supervised segmentation methods, D2APL utilizes the
difficulty-aware results as prior information to dynamically
adjust threshold. This enables effective utilization of most
unlabeled samples with low confidence but high reliability,
ultimately demonstrating good performance on difficult-to-
segment pixels. Table V shows the performance of D2APL
compared to other semi-supervised segmentation methods in
terms of TPR, Dice, and IoU. From Table V, it can be observed
that D2APL achieves approximately 7% improvement in IoU
compared to Unimatch [49]. Furthermore, D2APL demon-
strates the best performance among other semi-supervised
segmentation methods in terms of TPR, Dice, and IoU. Fig.6
illustrates the segmentation results of different semi-supervised

TABLE V
THE COMPARISON BETWEEN D2APL AND OTHER SEMI-SUPERVISED

METHODS

Method TPR Dice IoU
PseudoSeg[43] 0.7112 0.7061 0.6160
PC2Seg[44] 0.7207 0.7141 0.6198
CPS[36] 0.7573 0.7534 0.6571

ST ++[46] 0.7796 0.7632 0.6643
UCMT [52] 0.8063 0.7650 0.6702

Unimatch[49] 0.8192 0.7690 0.6785
MiDSS[53] 0.8309 0.8097 0.7109

D2APL 0.8615 0.8337 0.7489

Fig. 6. The segmentation results of different semi-supervised segmentation
methods.

segmentation methods. Among them, UCMT and MiDSS are
semi-supervised segmentation methods for medical images.

C. Comparison with CNV segmentation methods

Compared to other CNV segmentation methods such as
ACM-LSP [6], MS-CNN [48], NNCGS [10], and IA-net [12],
as well as the baseline segmentation network U-Net [47],
D2APL focuses more on learning difficult-to-segment pixels.
Additionally, by introducing DPM, D2APL effectively utilizes
a large amount of unlabeled data. Table VI presents the seg-
mentation performance comparison between D2APL and other
CNV segmentation methods as well as the baseline network.
Overall, D2APL exhibits the best performance across all three
evaluation metrics: TPR, Dice, and IoU. Fig.7 illustrates the
segmentation results of different CNV segmentation methods.

D. Effectiveness and Intermediate Process Visualization of the
CCDM Module

For labeled data, the difficulty-aware model guided by clas-
sification confidence combines misclassified pixels with pixel
uncertainty to produce importance weights. These weights help
the model focus on learning difficult-to-segment pixels. Fig.8
illustrates the effects of the intermediate processes involved
in the CCDM module. As shown in Fig.8, the importance
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TABLE VI
THE COMPARISON BETWEEN D2APL AND OTHER CNV SEGMENTATION

METHODS

Method Label Proportion TPR Dice IoU
ACM − LSP [6] 33% 0.5531 0.3921 0.4963
MS − CNN [48] 33% 0.5962 0.6214 0.5107
NNCGS[10] 33% 0.6253 0.6534 0.5430
U − net[47] 33% 0.6542 0.6764 0.5793
IA− net[12] 33% 0.7025 0.6954 0.5962

D2APL 33% 0.8615 0.8337 0.7489

Fig. 7. The segmentation results of different CNV segmentation methods.

Fig. 8. Intermediate Process Visualization of the CCDM Module. (a) Original
image (b) Uncertainty map (c) Misclassified regions (d) Importance weight
map.

weight map (Fig.8 (d)) further enhances the weights of pixels

Fig. 9. Intermediate Process Visualization of the MSDM Module. (a) Weakly
augmentation image (b) Strongly augmentation image (c) Uncertainty map (d)
Reliability map (e) Importance weight map.

in the misclassified regions with low prediction uncertainty
(Fig.8 (c)) on the uncertainty map (Fig.8 (b)). This effectively
guides the network to focus more on learning from difficult
samples.

E. Effectiveness and Intermediate Process Visualization of the
MSDM Module

For unlabeled data, the stability-guided difficulty-aware
model combines pixel classification stability with pixel un-
certainty to produce importance weights. These weights help
guide the model to focus on learning from difficult-to-segment
pixels in the unlabeled data. Fig.9 illustrates the effects of
the intermediate processes involved in the MSDM module.
Fig.9(a) shows the image after weak augmentation, while
Fig.9(b) shows the image after strong augmentation. By
comparing the uncertainty map (Fig.9(c)), reliability map
(Fig.9(d)), and importance weight map (Fig.9(e)), it is evi-
dent that samples in the unlabeled data with high prediction
uncertainty and high prediction reliability are assigned higher
weights. This effectively guides the network to focus on
learning from difficult samples in the unlabeled data.

V. CONCLUSION

Since CNV has complex features such as blurred and
unevenly distributed pixels on the edges, there are difficult-to-
segment pixels in CNV segmentation. To guide the network
to focus on difficult-to-segment pixels in CNV segmentation,
we proposed a dual difficulty-aware adaptive pseudo-label
learning method for semi-supervised CNV segmentation. For
labeled data, we proposed a difficulty-aware method guided
by classification confidence. For unlabeled data, we proposed
a difficulty-aware method guided by model stability. Finally,
we proposed a difficulty-aware self-training strategy to dy-
namically adjust the threshold of pseudo-labels according to
the difficulty, thereby improving the utilization of difficult-
to-segment pixels in unlabeled data and the performance
of CNV segmentation.Considering the rapid development of
three-dimensional (3D) optical coherence tomography (OCT)
imaging, we plan to extend our method to 3D OCT data.
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Unlike 2D fundus images, 3D OCT provides richer spatial
information, which could help in more accurate CNV seg-
mentation. However, the increased data complexity and com-
putational cost present new challenges. Future research will
explore efficient 3D feature extraction techniques and adaptive
pseudo-labeling strategies suitable for volumetric data.
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