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• Compare the pixels within the same category across various images to
discern their analogous intrinsic characteristics

• Enrich positive and negative samples by cross sampling from labeled
and unlabeled images

• Leverage certainty pseudo-labels for enhancing the reliability of consis-
tency supervision

• Use the feature differences inside and outside the image can enable
more comprehensive representation learning
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Abstract

Semi-supervised image segmentation extracts specific regions and tissues by
utilizing extensive unlabeled images and limited labeled images, which can
alleviate the dependence on plenty of accurately labeled data. However, it
is difficult to learn robust feature representations due to the potential noise
in pseudo-labels caused by inefficient consistency learning, and poor class di-
versity in feature spaces. To address this issue, we propose a semi-supervised
medical image segmentation method using Collaborative intra-inter Con-
trastive Learning and Multi-Perspective Consistency (CCL-MPC). First, we
propose a collaborative intra-inter contrastive learning strategy that includes
symmetric bidirectional contrastive learning and certainty-guided contrastive
learning, to exploit the intrinsic differences between inter-image and intra-
image feature representations. Second, we design a multi-perspective con-
sistency learning strategy to improve the class diversity by utilizing a dual-
branch network and two augmented views. Additionally, we dynamically
partition the pseudo-label certainty area for auxiliary consistency learning
to reduce the potential noise during the training process. Experimental re-
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sults on the publicly available datasets demonstrate that CCL-MPC can
achieve better segmentation performance than the state-of-the-art methods
for semi-supervised medical image segmentation tasks. The code will be
made available upon publications.

Keywords: Deep learning, medical image segmentation, consistency
regularization, contrastive learning

1. Introduction

Medical image segmentation is the process of analyzing specific regions
or tissues in medical images and extracting their pathological morphology.
Medical image segmentation can provide a professional basis for clinical doc-
tors to analyze and diagnose diseases, and make medical treatment plans.
Therefore, it plays a very crucial role in clinical healthcare.

1.1. Motivations

In the past decade, with the development of deep learning techniques,
scholars have proposed numerous supervised learning-based methods for med-
ical image segmentation [1, 2, 3, 4, 5]. These methods typically rely on a
large number of precisely labeled data for model training. However, due to
patient privacy protection and expensive costs for medical image annota-
tions, it is usually difficult to collect a large amount of dataset with accurate
annotations in practical clinical scenarios. Consequently, it is important to
effectively mine the potential knowledge of unlabeled data, particularly in
scenarios with limited labeled data.

The semi-supervised medical image segmentation methods [6, 7, 8, 9]
usually utilize limited labeled data and extensive unlabeled data for joint
training, alleviating the dependence on a large number of precisely labeled
samples. Especially, by introducing consistency learning [10, 19, 12, 13] and
contrastive learning [14, 15, 16], several semi-supervised learning methods
have been widely applied for medical image segmentation. However, due
to limited annotations, the current segmentation methods based on semi-
supervised learning have poor learning capacity in the early stage of training,
resulting in low-quality pseudo-labels and inefficient representation learning.
Therefore, we aim to reduce the potential noise during the training process to
enhance pseudo-labels and improve the efficiency of representation learning,
thereby achieving better segmentation performance.
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In complicated medical scenarios, organs and tissues often exhibit a va-
riety of shapes and sizes, along with indistinct boundaries with surrounding
tissues, leading to potential noise in pseudo-labels. To address this chal-
lenge, medical image segmentation methods often employ contrastive learn-
ing [17, 18, 19] to capture more accurate boundary and category features.
However, the insufficient number of positive and negative samples in a semi-
supervised situation hinders contrastive learning from adequately bringing
positive samples closer and pushing negative samples farther, leading to dif-
ficulties in capturing robust features. Moreover, many existing methods train
labeled and unlabeled data separately [20, 21, 22], thus neglecting the po-
tential relationship between them. In semi-supervised learning, the potential
relationship between labeled and unlabeled data is that although different
images have different details and segmentation targets, pixels of the same
category have similar abstract features in the hidden space. This similarity
is based on semantic information, which is essentially consistent even if there
are different appearance between different images. Therefore, we propose the
Symmetric Bidirectional Contrastive Learning (SBCL) module to exploit this
potential relationship.

Also, due to the low quality of pseudo-labels during the early stages of
training [23, 24, 25], it becomes more likely for contrastive learning-based
methods to sample false negative samples, leading to incorrect feature repre-
sentations. Therefore, we propose the Certainty-Guided Contrastive Learn-
ing (CGCL) module to improve the quality of pseudo-labels.

In addition, medical image segmentation methods often use consistency
learning [26, 29, 30, 31] to extract critical features in complicated medi-
cal segmentation scenarios. Consistency learning methods introduce various
perturbations and regularizations to obtain consistent predictions. This pro-
cess relies on the high quality and diversity of training data. However, in
semi-supervised scenarios, due to the potential noise of pseudo-labels, it is
difficult to ensure high-quality and diverse data, resulting in low representa-
tion learning and segmentation performance. To overcome these, we propose
a Multi-Perspective Consistency (MPC) strategy to utilize network architec-
ture and differences between various views, with auxiliary supervision from
certainty pseudo-labels, aiming to improve the effectiveness of representation
learning.
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1.2. Contributions

In this paper, we propose a semi-supervised medical image segmenta-
tion method based on Collaborative intra-inter Contrastive Learning and
Multi-Perspective Consistency, namely CCL-MPC. The main contributions
are summarized as follows:

• We propose the SBCL module to focus on the potential of inter-image
feature learning. In this module, we design a novel symmetric bidirec-
tional sampling mechanism for cross-sampling both labeled and unla-
beled data, aiming to learn inherent features across images.

• We propose the CGCL module to focus on the potential of intra-image
feature learning. The CGCL module uses certainty pseudo-labels and
top-K methods to guide more reliable positive and negative sampling,
thereby preventing learning incorrect features caused by potential noise,
and improving the quality of positive and negative samples.

• We propose the MPC strategy to improve data diversity and to sup-
press potential noise that may mislead training. The MPC utilizes a
dynamically adaptive threshold to categorize high certainty regions as
certainty pseudo-labels, ensuring consistent predictions from two aug-
mented views under certainty pseudo-labels auxiliary supervision.

The rest of this paper is organized as follows. In Section II, the related
works of contrastive learning and consistency learning are investigated. In
Section III, the proposed CCL-MPC are described. In Section IV, experi-
mental results are presented and discussed. Finally, Section V concludes the
paper.

2. Related Work

2.1. Consistency Learning

Consistency learning assumes that an output of network should remain
similar before and after samples are transformed or perturbed. Therefore,
consistency learning utilizes various perturbations to train data and applies
regularization to ensure consistent predictions. According to different pertur-
bation patterns, consistency learning can be coarsely categorized into data
perturbation-based and network perturbation-based consistency learning.
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Data perturbation-based consistency learning introduces data diversity to
enable the model to adapt to different input samples and improve its gener-
alization capacity. Mean Teacher (MT) [10] is one of the most representative
data perturbation-based consistency learning methods. This method applies
different noise to unlabeled data and constrains prediction results, and in-
troduces the supervision loss on labeled data for joint learning to prevent
overfitting on a small amount of labeled data. Furthermore, Li et al. [26]
proposed different data perturbation ways (noise, rotation, scaling, etc.) and
effectively utilized unlabeled data by introducing a transformation-consistent
strategy. Liu et al. [27] designed a Perturbed and Strict Mean Teachers (PS-
MT) framework to improve segmentation accuracy by extending the MT
model, which includes a new auxiliary teacher, diverse loss functions, and
adversarial perturbation.

Network perturbation-based consistency learning can make the model
more robust and less susceptible to small changes or noise in input sam-
ples by introducing different perturbations, such as changing weights, and
architecture, or introducing regularization. Chen et al. [28] proposed a Cross
Perturbation Supervision (CPS) method based on network perturbation to
encourage high consistency between the predictions of two perturbed net-
works. However, it may lead to unreliable guidance and unstable training
by calculating consistency between different predictions on unlabeled data.
To address this issue, Yu et al. [29] designed an Uncertainty-Aware Mean
Teacher (UA-MT) framework, which enables the student model to gradu-
ally learn more reliable targets by using uncertainty estimations. To reduce
time and memory overhead, Wu et al. [30] devised a Mutual Consistency
Network (MC-Net). MC-Net encourages two decoders to output consistent
predictions, which can gradually capture generalized features from unlabeled
challenging regions.

However, current consistency learning often imposes high requirements
on the quality and diversity of training data. If the training data is biased
or insufficiently diverse, consistency learning may not significantly improve
the segmentation performance. To effectively enhance data diversity, we em-
ploy a dual-branch heterogeneous predictor architecture and two augmented
views to design richer feature sources, and utilize certainty pseudo-labels for
auxiliary supervision to achieve more reliable consistency learning.
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2.2. Contrastive Learning

Contrastive learning aims to learn distinctive feature representations to
enlarge the margin between different classes in the feature space, thereby
distinguishing between positive and negative samples to enhance intra-class
cohesion and inter-class separation. It requires a sufficient number of nega-
tive samples to learn the discriminative feature representations from different
classes. Therefore, Zhao et al. [6] extracted local features and treated differ-
ent pixel positions of an image as negative samples, effectively expanding the
number of negative samples. Wu et al. [14] proposed a dual contrastive learn-
ing method based on anatomical structure to enhance the discriminability of
learned features and the data utilization for few-shot segmentation. Lou et
al. [20] input unlabeled data after data augmentation into a dual-branch net-
work to increase the number of negative samples for model training. This
method focuses on the pixel position relationship among unlabeled data, but
ignores the potential for sampling rich features within an image.

Meanwhile, it is also necessary to pay attention to the false negative sam-
ple rate during sampling to avoid affecting the quality of negative samples
and learning misleading feature representations. Therefore, to improve the
quality of negative samples, Zhao et al. [23] proposed Rectified Contrastive
Pseudo Supervision (RCPS), which employs various intensity transforma-
tion techniques and optimizes pseudo-labels using KL divergence. Wu et
al. [15] used the teacher-student model to construct affinity maps of different
branches for affinity contrastive learning, improving the quality of pseudo-
labels. Wang et al. [8] proposed Uncertainty Guided Pixel Comparative
Learning (UGPCL), which utilizes uncertainty maps to optimize pseudo-
labels and guide contrastive learning. Basak et al. [16] generated multi-
category pseudo-labels through teacher-student model, then obtained the
class-perception matrix to guide patch-level contrastive learning. However,
the above methods focus more on improving the confidence of pseudo-labels,
ignoring the equally important impact of sample quantity on improving the
performance of contrastive learning.

Different from these existing works, we conduct pixel-level contrastive
learning on limited data from both inter-images and intra-images, and im-
plement a new symmetric bidirectional sampling mechanism based on the
symmetry of the dual-branch network, effectively increasing the number of
positive and negative samples. Meanwhile, we dynamically identify high-
certainty areas to guide more accurate sampling, which improves the quality
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Figure 1: The framework of the proposed CCL-MPC, which builds on the baseline U-Net
and Swin-UNet and applies CCL and MPC strategies. (a) Data preprocessing. Random
intensity transformations are utilized to generate two augmented views, which can enrich
sample diversity. (b) CCL. The encoder features are input into the SBCL and CGCL
modules to exploit the inherent differences from inter-images and intra-images. (c) MPC.
We apply consistency constraints to the results of the three views through the heteroge-
neous predictor, to leverage the diversity of different perspectives. Simultaneously, the
two results of the heterogeneous predictor are input into CAC.

of positive and negative samples and obtains more reliable feature represen-
tations.

3. Method

3.1. Overall Structure

The overall architecture of the proposed CCL-MPC is illustrated in Fig.
1. CCL-MPC is a dual-branch network, which includes the labeled and unla-
beled data branches. These two branches adopt encoder-decoder structures.
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The encoder utilizes the same CNN-based encoder. The decoder employs a
Transformer-based decoder and a CNN-based decoder, respectively.

Initially, the labeled data xL and unlabeled data xU apply different ran-
dom intensity transformations to generate two augmented views, denoted
as x1L, x

2
L and x1U , x

2
U , respectively. Subsequently, these augmented views

and the original images are input into the dual-branch network, proceeding
through encoders EL and EU to extract deep features. The extracted deep
features are input into both MPC and CCL.

In the MPC, we design two consistency learning strategies, including Het-
erogeneous Decoding Consistency (HDC) and Certainty-Augmented Consis-
tency (CAC), to achieve consistency predictions from multiple perspectives,
thereby enriching the quality and quantity of features. For CAC, we dynam-
ically generate certainty pseudo-labels and establish consistency constraints
between certainty pseudo-labels and the augmented views and between the
augmented views, to facilitate consistency learning and achieve more robust
feature representations. For HDC, we design a heterogeneous predictor that
predicts feature maps of three different augmented views from the same en-
coder. Thereafter, we apply consistency constraints between the prediction
results, aiming to leverage the inherent differences between Transformer and
CNN structures to capture more essential features.

In the CCL, we introduce two contrastive learning modules at different
levels to improve the quantity and quality of samples, aiming to achieve bet-
ter intra-class cohesion and inter-class separation. Firstly, we establish the
SBCL module. SBCL takes the same spatial location of features maps Z1

L, Z
2
L

or Z1
U , Z

2
U as positive pairs, and obtains higher quality negative samples by

the symmetric bidirectional sampling mechanism for pixel-level contrastive
learning. Secondly, we establish the CGCL module. CGCL utilizes the cer-
tainty pseudo-labels to perform high-confidence positive and negative sample
sampling in the embedding space for pixel-level contrastive learning.

3.2. Multi-Perspective Consistency

At present, consistency learning relies heavily on the high quality and
diversity of training data, but there are often two problems of data limitations
and potential noise in semi-supervised learning. Therefore, to improve data
quality and diversity, we propose the MPC, including the HDC and CAC,
which utilizes data from multiple perspectives for consistency learning.
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3.2.1. Heterogeneous Decoding Consistency

We design a heterogeneous predictor by incorporating a Transformer-
based decoder and a CNN-based decoder. This predictor obtains feature
representations from different perspectives by leveraging the local capturing
capacity of CNNs and the global context awareness of Transformers. This
heterogeneous structure could improve the feature representation capacity of
the model, especially to improve the feature diversity learning of the model.

In this predictor, the feature maps captured by the encoder are input
into the Transformer-based decoder and CNN-based decoder, respectively
to obtain different prediction results. Consistency constraints are applied
to the prediction results to generate more similar predictions. Due to the
inherent complementary in architecture and processing ways between the
Transformer-based and CNN-based decoders, heterogeneous decoding con-
sistency learning can extract more comprehensive and robust feature repre-
sentations, leading to better segmentation performance.

For the labeled data, prediction probability distributions {pit, i = 0, 1, 2}
and {pic, i = 0, 1, 2} are obtained through the Transformer-based and CNN-
based decoder, respectively. We calculate the consistency loss of the proba-
bility distributions obtained from the two decoders:

lLhdc = −1

3

3∑
i=1

Ldis(p
i
c, p

i
t), (1)

where Ldis represents the distance measurement between the two probability
distributions. Mean Squared Error (MSE) is used as the distance measure.
Similarly, for the unlabeled data, we generate two probability distributions
{pjt , j = 0, 1, 2} and {pjc, j = 0, 1, 2}, and calculate the consistency loss lUhdc
of the unlabeled data branch.

Due to the identical consistency of the labeled and unlabeled data branches,
we calculate the total consistency loss as:

lhdc =
1

2
(lLhdc + lUhdc). (2)

3.2.2. Certainty-Augmented Consistency

During the data processing stage, intensity transformations are applied
to labeled and unlabeled data to generate augmented views. The intensity
transformations include intensity scaling, intensity offset, and Gaussian noise.
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Figure 2: The diagram illustrates the CCL and Certainty-Augmented Consistency. (a)
SBCL: Pixel-level contrastive learning for inter-images. We cross-sample three views of
labeled and unlabeled data to capture more intrinsic features. (b) CGCL: Pixel-level
contrastive learning for intra-images. We use certainty pseudo-labels for auxiliary sampling
and the top-K method to reduce potential noise during the training process. (c) The
workflow of Certainty-Augmented Consistency Learning. We use certainty pseudo-labels
for auxiliary supervision and perform consistency regularization between two views to
improve feature quality in consistency learning.

These transformations are designed to create the augmented views of the orig-
inal image, enhancing the robustness of our model to intensity variations.
Although these transformations diversify appearances, predictions from the
original input and augmented views should remain similar. Therefore, we im-
pose a consistency constraint on the predictions of the two augmented views
to capture robust feature representations. Certainty-augmented consistency
learning is illustrated in Fig. 2(c).

Cosine distance is employed to measure the similarity between the pre-
dictions of the two augmented views. The predictions of the two augmented
views are denoted as ŷ1 and ŷ2, respectively. The loss function for the labeled
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data branch can be denoted as:

lLav(ŷ1, ŷ2) = 1− ŷ1 · ŷ2
∥ŷ1∥2 · ∥ŷ2∥2

. (3)

Similarly, the loss lUav(ŷ1, ŷ2) is calculated for the unlabeled data branch. Ad-
ditionally, consistency constraints are applied to the pseudo-labels of the
original image and the prediction results of the two augmented views. How-
ever, due to limitations of learning capacity of the model during the early
training stages, the pseudo-labels may introduce noise. To achieve more ro-
bust feature representations, we apply uncertainty-guided correction to the
pseudo-labels.

Predictive entropy is adopted as a metric to approximate the uncer-
tainty. Firstly, the mean probability distribution of the prediction results
p̂ = (pc+ pt)/2 is computed, where pc and pt represent the prediction results
obtained by the CNN-based decoder and Transformer-based decoder, respec-
tively. Next, the predictive entropy h of the probability distribution for each
pixel along the channel dimension is calculated. The greater value of the en-
tropy means the stronger uncertainty of the predicted category. Therefore, a
threshold T is set and regions are treated as uncertainty regions if h ≤ T . We
dynamically adjust the uncertainty threshold T and initially only retain high
certainty regions of pseudo-labels for training. As the number of iterations
increases, T is gradually decreased to include broader pseudo-label coverage.
It not only avoids the impact of early high noise pseudo-labels, but also fully
utilizes the potential of unlabeled data.

Finally, we mask the uncertain regions and obtain the certainty pseudo-
labels yp:

yp = Arg max(p̂)|h≤T , (4)

where h is calculated as:

h = −
∑
n

p̂nlog(p̂n + ε), (5)

where ε is a very small constant to avoid singularity.
We use the certainty pseudo-labels yp to constrain consistency with the

mean probability distribution p̂1 and p̂2 of the predicted results from two
views. The consistency constraints implicitly reduce the cosine distance be-
tween predictions from different views, yielding more robust feature repre-
sentations. In MPC, the temperature scaling technique is employed. This
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technique divides the certainty pseudo-labels by a temperature coefficient
τ before applying the Softmax operation. This technique smoothens the
output probability distribution, which makes the model more cautious in
dealing with uncertain situations. The consistency constraint loss for the
labeled data branch is formulated as:

lLcp(p̂1, yp) = LCE(σ(p̂1), σ(yp/τ)), (6)

where LCE denotes the cross-entropy loss, σ represents the Softmax opera-
tion. Similarly, the loss lLcp(p̂2, yp) is calculated for another augmented view.
In addition, these two losses should also be calculated for the unlabeled data
branch, denoted as lUcp(p̂1, yp) and l

U
cp(p̂2, yp).

Finally, the total consistency loss is a combination of the consistency
losses between the three different views of the labeled and unlabeled branches:

lcac = lLav(ŷ1, ŷ2) + lUav(ŷ1, ŷ2) + lLcp(p̂1, yp)

+lLcp(p̂2, yp) + lUcp(p̂1, yp) + lUcp(p̂2, yp).
(7)

3.3. Collaborative intra-inter Contrastive Learning

To improve the quantity and quality of positive and negative samples, we
design the CCL strategy, which leverages the complementarity of inter-image
and intra-image feature representations. This strategy mainly includes the
SBCL and CGCL modules. The SBCL and CGCL modules complement each
other through feature learning at different levels. The inter-image features
provided by SBCL enhance the diversity of pseudo-labels within the image,
while the high-quality pseudo-labels provided by CGCL improve reliability
for inter-image feature learning. The two modules support each other in
the feature embedding space, achieving high cohesion within categories and
strong separation between categories through a more comprehensive con-
trastive learning strategy.

3.3.1. Symmetric Bidirectional Contrastive Learning

The effectiveness of contrastive learning is influenced by the quantity
and quality of negative samples. Therefore, leveraging the characteristics
of the dual-branch network structure, we propose a symmetric bidirectional
sampling mechanism to improve both the quantity and quality of positive
and negative samples. Building upon this sampling mechanism, we design
the SBCL module, as illustrated in Fig. 2(a).
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The symmetric bidirectional sampling mechanism relies on the dual-branch
network for cross-sampling between the labeled and unlabeled data branches,
and applies a confidence-based sampling for negative samples. Firstly, we
choose pixels from an augmented view as anchors. Then, the pixels at the
same position with anchors from another augmented view are regarded as
positive samples. Finally, for each branch, the original image of the other
branch is used as the source of negative samples. We exclude pixels in the
same category as the anchor, and then sample negative samples according to
prediction confidence by selecting the top-K most confident samples. This
mechanism can improve the quantity and quality of positive and negative
samples.

Furthermore, we propose the SBCL module. Initially, the features ex-
tracted from encoder are input into the projection head, obtaining the cor-
responding feature maps ZL, Z

1
L, Z

2
L and ZU , Z

1
U , Z

2
U . After that, we obtain

positive and negative samples for the labeled and unlabeled data branches.
For the labeled data branch, the pixel sampled from the augmented view

ψ1
L ∈ Z1

L serves as the anchor, and the positive samples ψ2
L ∈ Z2

L are se-
lected from another augmented view. The negative samples ψn ∈ ZU(n =
1, 2, ..., N) are obtained from the feature map of the original image of unla-
beled data. The contrastive loss for this anchor is calculated as:

lc(ψ
1
L, ψ

2
L) = −log exp(cos(ψ1

L, ψ
2
L)/τ)

exp(cos(ψ1
L, ψ

2
L)/τ) +

∑N
ψn∈ZU ,n=1 exp(cos(ψ

1
L, ψ

2
L)/τ)

, (8)

where τ is the temperature coefficient. Similarly, the loss lc(ψ
2
L, ψ

1
L) is calcu-

lated while the pixel of another augmented view serves as the anchor.
Finally, the aforementioned symmetric bidirectional contrastive loss is

calculated for each pixel in the feature maps. We introduce this symmetric
design in the calculation of contrastive loss. The core idea is to ensure con-
sistency in the comparison between the two augmented views. Therefore, the
total loss for the labeled data branch is calculated as:

lsbcl(Z
1
L, Z

2
L, ZU) =

1

N1
L

∑
ψ1
L∈Z

1
L

lc(ψ
1
L, ψ

2
L) +

1

N2
L

∑
ψ2
L∈Z

2
L

lc(ψ
2
L, ψ

1
L), (9)

where N1
L and N2

L represent the number of pixels in the feature maps Z1
L, Z

2
L

of the two augmented views in the labeled data branch, respectively. Sim-
ilarly, the loss lsbcl(Z

1
U , Z

2
U , ZL) is calculated for the unlabeled data branch.
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Therefore, the total loss for SBCL is defined as:

lsbcl =
1

2
(lsbcl(Z

1
L, Z

2
L, ZU) + lsbcl(Z

1
U , Z

2
U , ZL)). (10)

3.3.2. Certainty-Guided Contrastive Learning

To fully leverage the feature representations within each view and obtain
more generalized and robust features, we maximize agreement within positive
pairs and minimize agreement within negative pairs in the learned embedding
space to achieve better intra-class cohesion and inter-class separation. The
proposed CGCL module is illustrated in Fig. 2(b).

Firstly, the features extracted from the encoder are input into the embed-
ding head. The encoder features are embedded into a D-dimensional space to
obtain prototype feature vectors for each pixel. These prototype feature vec-
tors are respectively saved into the vector sets XL, X

1
L, X

2
L and XU , X

1
U , X

2
U .

These sets are used for subsequent positive and negative sample sampling.
Secondly, to improve the quality of negative samples and reduce the false

negative rate, we select pixels with high-confidence as anchors through utiliz-
ing the certainty pseudo-labels. Specifically, the certainty pseudo-labels are
downsampled to the size of the prototype vector sets, assigning a category
to each pixel in the prototype vector. In the vector sets, the most top-K
confident samples are selected, and negative pixels are sampled based on the
prediction confidence.

Then, in contrastive learning, a large number of samples can introduce
considerable costs. To reduce costs in the CGCL, a memory queue is em-
ployed to store the prototype vector sets and their corresponding pixel cate-
gories. The memory queue is continuously updated during the model training
process. This mechanism helps to reduce computational costs and enables
the model to learn from a large number of samples while maintaining focus
on high-confidence samples. The popular InfoNCE [38] is used to calculate
the contrastive loss. In each iteration, we chooseM anchors according to the
prediction confidence and calculate the contrastive loss for each anchor. In
the labeled data branch, the loss for each anchor is formulated as:

li = − 1

|P i
L|

∑
e+i ∈N i

L

log
exp(cos(ei, e

+
i )/τ)

exp(cos(ei, e
+
i )/τ) +

∑
e−i ∈N i

L
exp(cos(ei, e

−
i )/τ)

,

(11)
where ei represents the anchor, P i

L and N i
L denote the prototype vector sets

for positive and negative samples of the anchor, respectively. e+i is a positive
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Figure 3: Visualization results generated by different methods on the ISIC2018 dataset.
CCL-MPC yields the most favorable predictions.

sample, e−i is a negative sample. Finally, we average the loss of all anchors
to obtain the total contrastive loss for the labeled data,

lLcgcl =
1

M

M∑
i=1

li. (12)

Similarly, the loss lUcgcl for the unlabeled data is used to calculated. Finally,
the overall loss for CGCL is formulated as:

lcgcl =
1

2
(lLcgcl + lUcgcl). (13)

3.4. Training Objective

The total loss of CCL-MPC is the summation of the supervised loss, het-
erogeneous decoding consistency loss, certainty-augmented consistency loss,
symmetric bidirectional contrastive learning loss, and certainty-guided con-
trastive learning loss. The total loss of CCL-MPC is given:

ltotal = lsup + λ1lhdc + λ2lcac + λ3lsbcl + λ4lcgcl. (14)
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Images Labels CCL-MPC MMS MT Duo-segNet PolypMixNet UC-MT UGPCL

Figure 4: Visualization results generated by different methods on the CVC-300 dataset.
CCL-MPC yields the most favorable predictions.

λ1 = λ2 = λ3 = λ4 = 0.1 is set to balance the weights of the losses. Addi-
tionally, the supervised segmentation loss lsup is calculated using the Ground
Truth for the labeled data:

lsup = lsup(pc, y) + αlsup(pt, y), (15)

where pc and pt are the prediction results of CNN-based and Transformer-
based decoders, respectively. α is a weighting coefficient and is set to 0.4. y
is the Ground Truth. Additionally, lsup is a combination of cross-entropy and
Dice loss. In the inference stage, the prediction of the CNN-based decoder
is the final segmentation result.

4. Experiments

4.1. Datasets

To evaluate the effectiveness of the proposed CCL-MPC, we conduct com-
parative experiments and ablation studies with different labeled data ratios
on different medical image segmentation tasks, including skin lesion segmen-
tation from dermoscopy images and polyp segmentation from colonoscopy
images.

4.1.1. Skin lesion dataset

The skin lesion segmentation dataset is from the 2018 International Skin
Imaging Collaboration (ISIC2018) [33]. The ISIC2018 dataset consists of
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3694 images. The image size ranges from 500×500 to 6661×4422. Specifi-
cally, 2594 images are used as the training dataset, 100 images are used as
the validation dataset, and 1000 images are used as the testing dataset.

4.1.2. Polyp datasets

The polyp segmentation datasets include: Kvasir-SEG [34], CVC-ClinicDB [35],
and CVC-300 [36]. Similar to previous methods [37], the training dataset
includes 1450 images, 900 images from Kvasir-SEG and 550 images from
CVC-ClinicDB. Some details of these datasets are provided as follows.

(1) Kvasir-SEG. This dataset is part of the Medical Multimedia Chal-
lenge and contains 1000 images of varying sizes, ranging from 332×487 to
1920×1072. We use 900 images for training and 100 images for testing.

(2) CVC-ClinicDB. This dataset comes from 31 colonoscopy sequences
and contains 612 images with a size of 384×288. We use 550 images for
training and 62 for testing.

(3) CVC-300. This dataset comes from 44 colonoscopy sequences and
contains 912 images with a size of 574 × 500. We use 60 images for testing.

4.2. Evaluation metrics

To comprehensively evaluate the effectiveness of CCL-MPC, we use the
following three widely used evaluation metrics: Mean Dice (mDice), Mean
Intersection over Union (mIoU), and Mean Absolute Error (MAE). Dice
coefficient is a metric for evaluating segmentation quality, which measures
the similarity between segmentation results and the Ground Truth. mDice
is the average value of Dice coefficient for all samples. Specifically, mDice
is calculated as:

mDice =
1

n

n∑
i=1

2× |Xi ∩ Yi|
|Xi|+ |Yi|

, (16)

where n is the total number of samples, Xi is the predicted area of the ith
sample, Yi is the Ground Truth of the ith sample, |Xi ∩ Yi| is the number
of pixels in the intersection of predicted area and the Ground Truth, |Xi|
and |Yi| represent the number of pixels in the predicted area and the Ground
Truth, respectively. mDice is between 0 and 1. The closer the value is to 1,
the higher the segmentation accuracy.

IoU calculates the ratio of intersection to union between segmentation
results and true labels. mIoU is the average value of IoU for all samples.
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Specifically, mIoU is calculated as:

mIoU =
1

n

n∑
i=1

|Xi ∩ Yi|
|Xi ∪ Yi|

, (17)

where |Xi ∪ Yi| represents the number of pixels in the union of predicted area
and the true area. The closer the value is to 1, the higher the segmentation
accuracy.

MAE is widely used to measure the average distance between the seg-
mentation results and the Ground Truth. Specifically, MAE is calculated
as:

MAE =
1

n

n∑
i=1

|Xi − Yi| . (18)

The smaller the MAE value, the better the segmentation accuracy.

4.3. Implementation Details

The experiments are conducted using PyTorch on a single Nvidia GeForce
RTX 3090 GPU. For fairness, all methods choose U-Net as the benchmark
architecture for image segmentation. ResNet-50 is employed to substitute
the encoder of U-Net, initializing its parameters with pre-trained weights on
ImageNet. The Stochastic Gradient Descent (SGD) optimizer is used for
training, with a weight decay of 0.0005 and a momentum of 0.9. The initial
learning rate is set to 0.01, which reduces to 0.001 through a polynomial
scheduler strategy during training. The image size is set to 224×224. The
batch size is set to 8. CCL-MPC is evaluated on the validation dataset every
500 iterations, and the ultimate model is chosen for testing.

4.4. Comparative Experiment

CCL-MPC is compared with the existing state-of-the-art semi-supervised
segmentation methods, including MT [10], UA-MT [29], Transformation-
Consistent Self-ensembling Model (TCSM v2) [26], CPS [28], UGPCL [8],
Uncertainty-guided Collaborative Mean-Teacher (UCMT) [32], Min-Max Sim-
ilarity (MMS) [20], PolypMixNet [39] and Duo-SegNet [40]. In addition,
we regard the U-Net that only uses labeled data for supervised training as
SupOnly.
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Table 1: Quantitative results generated by different methods on the ISIC2018 dataset with
the 5%, 12.5% and 25% labeled data ratios, respectively. The best values are in bold.

Methods
Labeled data ratio = 5% Labeled data ratio = 12.5% Labeled data ratio = 25%

mDice[%]↑ mIoU[%]↑ MAE↓ mDice[%]↑ mIoU[%]↑ MAE↓ mDice[%]↑ mIoU[%]↑ MAE↓

SupOnly 79.19 69.83 0.1061 81.59 72.86 0.0912 83.44 74.80 0.0795
MT [10] 79.38 69.78 0.1075 82.68 73.95 0.0898 82.71 74.00 0.0904
UAMT [29] 75.06 66.53 0.1362 78.10 71.17 0.1110 80.97 73.07 0.0911
UCMT [32] 83.64 76.07 0.0779 85.56 78.74 0.0676 88.19 79.21 0.0651
TCSM V2 [26] 75.46 67.01 0.1301 78.85 70.13 0.1135 81.54 73.77 0.0866
CPS [28] 79.87 72.58 0.1112 81.72 73.71 0.0957 82.26 74.85 0.0874
UGPCL [8] 83.50 75.93 0.0823 83.68 74.95 0.0874 84.75 75.93 0.0823
MMS [20] 78.29 69.23 0.1132 78.96 69.33 0.1176 79.34 70.49 0.1062

CCL-MPC 84.34 77.07 0.0763 86.28 78.55 0.0634 87.13 77.96 0.0707

Table 2: Quantitative results generated by different methods on the Kvasir-SEG, CVC-
ClinicDB, and CVC-300 with the 5% labeled data ratio. The best values are in bold.

Labeled data ratio = 5%

Methods
Kvasir-SEG CVC-ClinicDB CVC-300

mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑

SupOnly 75.12 64.96 69.13 59.55 80.97 72.14
MT [10] 73.74 62.08 60.16 49.25 63.81 51.11
UCMT [32] 81.53 73.73 73.45 65.64 83.56 76.18
UGPCL [8] 82.14 76.52 72.20 65.41 84.51 76.36
MMS [20] 81.40 73.35 68.83 58.94 74.18 64.05
PolypMixNet [39] 82.92 74.27 71.98 65.16 84.31 77.61
Duo-SegNet [40] 68.16 61.91 58.49 51.65 63.92 60.52

CCL-HPC 83.23 76.87 74.89 66.11 86.53 77.84

4.4.1. Results on ISIC2018

Table I shows the quantitative evaluation results of these methods on the
ISIC2018 dataset with 5%, 12.5%, and 25% labeled data ratios. The first
row shows the performance of the baseline model trained only with labeled
data. At 5% and 12.5% labeled data ratios, the mDice scores of CCL-MPC
are 84.34% and 86.28%, the mIoU scores are 77.07% and 78.55%, and the
MAE scores are 0.0763 and 0.0634, respectively, all of which achieve the best
segmentation performance. At 25% labeled data ratio, the mDice, mIoU ,
andMAE of CCL-MPC are 87.13%, 77.96%, and 0.0707, respectively, which
is second only to UCMT, but still better than the segmentation results of
other methods. UGPCL achieves suboptimal performance on the ISIC2018.
However, UGPCL cannot fully leverage the available data, resulting in a lim-
itation of insufficient positive and negative samples. In contrast, CCL-MPC
benefits from the SBCL and CGCL modules, improving the segmentation
performance. In addition, CCL-MPC achieves greater performance improve-
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Table 3: Quantitative results generated by different methods on the Kvasir-SEG, CVC-
ClinicDB, and CVC-300 with the 12.5% labeled data ratio. The best values are in bold.

Labeled data ratio = 12.5%

Methods
Kvasir-SEG CVC-ClinicDB CVC-300

mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑

SupOnly 76.28 65.88 72.79 63.21 83.19 74.25
MT [10] 78.15 68.41 67.53 56.78 69.39 57.38
UCMT [32] 85.23 77.65 77.56 71.98 84.34 77.25
UGPCL [8] 84.74 77.19 74.65 67.71 86.51 78.71
MMS [20] 81.87 73.92 70.17 60.83 78.28 67.92
PolypMixNet [39] 82.20 77.02 73.61 66.63 85.45 76.66
Duo-SegNet [40] 69.91 62.57 59.51 52.39 64.45 60.02

CCL-HPC 85.78 77.81 78.17 72.12 87.18 79.12

Table 4: Quantitative results generated by different methods on the Kvasir-SEG, CVC-
ClinicDB, and CVC-300 with the 25% labeled data ratio. The best values are in bold.

Labeled data ratio = 25%

Methods
Kvasir-SEG CVC-ClinicDB CVC-300

mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑

SupOnly 78.33 69.56 73.97 66.12 83.71 74.89
MT [10] 82.42 73.64 74.75 66.33 81.70 72.34
UCMT [32] 84.64 76.13 78.69 72.61 86.25 78.06
UGPCL [8] 82.98 75.28 76.00 68.71 84.74 76.89
MMS [20] 81.46 75.53 76.54 71.05 80.88 71.12
PolypMixNet [39] 84.02 77.60 78.41 72.24 87.35 79.31
Duo-SegNet [40] 70.56 63.67 61.09 54.38 67.67 61.19

CCL-HPC 86.37 78.29 79.79 72.80 87.93 80.49

ment at the 5% labeled data ratio, which indicates that CCL-MPC can use
unlabeled data more effectively and obtain better segmentation performance
than other methods. In summary, the proposed CCL-MPC demonstrates
strong performance across testing datasets with different labeled data ratios.

Fig. 3 illustrates the visualization results of different methods on the
ISIC2018 with a 5% labeled data ratio. In contrast to others, CCL-MPC
yields superior segmentation results, particularly in the boundaries of skin
lesions. CCL-MPC captures sufficiently more positive and negative samples,
which can improve both intra-class cohesion and inter-class separation. In
comparison to other methods, CCL-MPC can capture finer structural details
and obtain the smoother boundaries. Therefore, CCL-MPC has better effects
on boundary extraction than other popular semi-supervised methods.
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4.4.2. Results on polyp datasets

Tables II, III, and IV show the quantitative evaluation results of these
methods on CVC-300, Kvasir-SEG, and CVC-ClinicDB with labeled data
ratios of 5%, 12.5%, and 25%. In Tables II, III, and IV, in terms of mDice
and mIoU , CCL-MPC outperforms other methods and achieves the best
segmentation performance. First, in comparison to SupOnly, which only
employs labeled data, CCL-MPC demonstrates a significant improvement in
segmentation performance. In particular, there is the 9.5% increase inmDice
(76.28% to 85.78%) compared to SupOnly on the Kvasir-SEG with a 12.5%
labeled data ratio. Similarly, leveraging unlabeled data, CCL-MPC also
achieves substantial improvements on the segmentation performance across
different scales and datasets. Secondly, as the proportion of labeled data
increases, the segmentation performance of CCL-MPC continues to improve.
Notably, when the labeled ratio increases from 5% to 12.5%,mDice improved
by 3.28% on the CVC-ClinicDB dataset.

Fig. 4 further shows the visualization results of different methods on
the CVC-300 at a 5% labeled data ratio. The polyp segmentation task is
relatively challenging due to the diversity of polyp shapes and sizes, as well
as the blurry boundaries caused by the adhesion between polyps and sur-
rounding tissues. UCMT produces the second-best results by training with
high-confidence pseudo-labels, lacking the capability to mine richer feature
representations. The proposed CCL-MPC can leverage intra-image and inter-
image feature representations to avoid small isolated polyps during the seg-
mentation process, thereby reducing the possibility of mis-segmenting small
polyps. Observably, CCL-MPC achieves superior segmentation results com-
pared to other popular semi-supervised segmentation methods.

4.5. Ablation Study

The U-Net that only uses labeled data for supervised training is chosen as
the baseline (the 1st row in Tables V and VI), and the proposed components
are gradually introduced to demonstrate their effectiveness. Ablation studies
are conducted on the ISIC2018 and CVC-300 with the 5%, 12.5%, and 25%
labeled data ratio.

4.5.1. The Effects of HDC and CAC

To better demonstrate the effectiveness of MPC, we select three labeled
data ratios and evaluated MPC on two different medical image segmenta-
tion tasks. Simultaneously, to validate the effectiveness of the HDC and
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Table 5: Quantitative results of ablation study on the CVC-300 with the 5%, 12.5%, and
25% labeled data ratio. The best values are in bold.

MPC CCL Labeled data ratio = 5% Labeled data ratio = 12.5% Labeled data ratio = 25%

lsup lhdc lcac lsbcl lcgcl mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑

✓ 80.97 72.14 83.19 74.25 83.71 74.89
✓ ✓ 82.78 73.13 83.97 75.23 84.89 75.82
✓ ✓ 82.93 72.99 83.60 74.92 85.22 76.57
✓ ✓ ✓ 84.10 74.09 84.12 75.60 85.95 78.51
✓ ✓ ✓ ✓ 84.98 74.89 85.31 77.79 86.06 77.79
✓ ✓ ✓ ✓ 85.84 77.27 86.73 78.45 86.35 78.78
✓ ✓ ✓ ✓ ✓ 86.53 77.84 87.18 79.12 87.93 80.49

Table 6: Quantitative results of ablation study on the ISIC2018 with the 5%, 12.5%, and
25% labeled data ratio. The best values are in bold.

MPC CCL Labeled data ratio = 5% Labeled data ratio = 12.5% Labeled data ratio = 25%

lsup lhdc lcac lsbcl lcgcl mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑ mDice[%]↑ mIoU[%]↑

✓ 79.19 69.83 81.59 72.86 83.44 74.80
✓ ✓ 80.43 71.17 83.07 74.91 84.97 76.37
✓ ✓ 81.53 73.12 84.20 75.49 83.69 75.00
✓ ✓ ✓ 81.85 73.96 83.87 75.61 85.19 76.62
✓ ✓ ✓ ✓ 83.07 75.11 85.12 77.70 85.44 76.80
✓ ✓ ✓ ✓ 82.14 75.28 84.96 76.36 86.16 77.70
✓ ✓ ✓ ✓ ✓ 84.34 77.07 86.28 78.55 87.13 77.96

CAC within MPC, we separately introduce HDC and CAC based on the
baseline, as shown in the 2nd and 3rd rows of Tables V and VI. Initially,
compared to the baseline, incorporating HDC alone improves the mIoU and
mDice across various labeled data ratios and datasets. HDC obtains feature
representations from different perspectives through heterogeneous network
architecture, effectively utilizing the advantages of CNN and Transformer.
Therefore, HDC can utilize the complementarity of two architectures to ex-
tract more comprehensive and robust feature representations. Subsequently,
compared to the baseline, integrating CAC alone also improves themIoU and
mDice across various labeled data ratios and datasets. This improvement is
attributed to CAC to utilize certainty pseudo-labels for auxiliary supervision,
improving the reliability of pseudo-labels and allowing consistency learning
to focus on high certainty regions, resulting in more reliable segmentation
results. Meanwhile, CAC performs consistency regularization on two differ-
ent augmented views, encouraging the prediction results of the two different
augmented views to remain consistent. This approach improves consistency
within the feature space by minimizing the cosine distance between different
views.
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In addition, compared to the baseline, the use of CAC and HDC achieve
more significant improvements in segmentation performance. Especially at
a 5% labeled data ratio, mDice is improved by 3.13% on the CVC-300. The
main reason may be that there is good complementarity between the two
types of consistency learning. On the contrary, consistency regularization
can be performed in a more complementary way, ensuring that the model
focuses on more robust feature representations. On the ISIC2018, the com-
bination of HDC and CAC significantly improve mDice and mIoU scores,
demonstrating that the MPC can effectively improve the segmentation per-
formance of the model for complex skin lesions. We also observe similar
performance improvements on the CVC-300, demonstrating that the MPC
has wide applicability in different types of medical images.

4.5.2. The Effects of SBCL and CGCL

To better demonstrate the effectiveness of CCL, we selected three labeled
data ratios and validated CCL on two different public datasets. Additionally,
to verify the effectiveness of the SBCL and CGCL modules within CCL, we
introduce SBCL and CGCL, respectively based on the third row (utilizing
HDC and CAC simultaneously), as shown in the 4th and 5th rows of Tables
V and VI. Firstly, with the introduction of CGCL, both mDice and mIoU
have been improved. This improvement is attributed to that CGCL uses cer-
tainty pseudo-labels to select pixels within the same image, selecting positive
and negative samples with higher certainty and reducing the false negative
sample rate. Meanwhile, by introducing a memory queue, CGCL can learn
more effectively from a large number of samples, which helps improve the
performance of the model. Secondly, with the introduction of SBCL, mIoU
and mDice were both improved on these two datasets with different labeled
data ratios. The proposed symmetric bidirectional sampling mechanism ex-
pands the scope of contrastive learning by capturing potential relationships
between different images, significantly enriching the number of positive and
negative samples.

In addition, the segmentation performance is greatly improved when both
SBCL and CGCL modules are used simultaneously. These two modules com-
plement each other through feature learning at different levels, effectively
utilizing the potential relationships between labeled and unlabeled data to
capture feature representations with better generalization performance. The
inter-image features provided by SBCL enhance the diversity of pseudo-labels
within the image, while the high-quality pseudo-labels provided by CGCL
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achieve reliability for inter-image feature learning. The two modules support
each other in the feature embedding space, achieving high cohesion within
categories and strong separation between categories through a more com-
prehensive contrastive learning strategy. It is worth noting that SBCL can
achieve better performance compared to CGCL. This can be attributed to
the symmetric bidirectional sampling mechanism, which provides more di-
verse samples and enhances intra-class cohesion and inter-class separation.
Additionally, it is worth noting that the combination of SBCL and CGCL sig-
nificantly improved the segmentation accuracy of the model on the ISIC2018,
especially in terms of boundary extraction. On the CVC-300, this combina-
tion also demonstrated superior performance, especially when dealing with
polyps with various shapes and sizes.

5. Conclusion

In this work, we have proposed a semi-supervised method CCL-MPC for
medical image segmentation. First, we devise the CCL to collaboratively
integrate the SBCL and CGCL modules, enriching feature representations
and enhancing intra-class cohesion and inter-class separation. The proposed
SBCL effectively leverages the potential for feature learning between images.
Importantly, we introduce a novel symmetric bidirectional sampling mecha-
nism to capture the intrinsic features across different images. Simultaneously,
the proposed CGCL effectively utilizes the feature learning capability within
images. It ensures high-confidence samples and reduces potential noise dur-
ing the training process using certainty pseudo-labels and the top-K method.
Additionally, we propose MPC, which leverages a dual-branch network ar-
chitecture and two augmented views to improve the quality and diversity
of training data, thereby improving the capacity to capture robust features.
Extensive experiments demonstrate that CCL-MPC achieves the state-of-
the-art performance for medical image segmentation.
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