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Abstract. Consistency learning has been successfully applied in semi-
supervised medical image segmentation, as it enforces consistency in
model prediction across different perturbations or transformations of the
same input data. The accuracy of consistent learning is challenged by pre-
dictive diversity and model training stability, which are often neglected
by existing researches. Meanwhile, the potential inter-class similarities
between labeled and unlabeled training data are not effectively mined.
To address these issues, we propose a semi-supervised framework based
on dual decoders, namely Dual-Branch Differentiated Similarity Network
(DBDSNet). First, dual-branch network and cross pseudo supervision
can enable model to learn more invariant and meaningful representa-
tions from the data. Second, we proposed a Differentiated Similarity Loss
(DSL) to encourage dual branches to focus on capturing the semantic
information of the data, rather than relying on the noisy pseudo label.
Last, we propose a Inter-Class Consistency Module (ICCM) to mine the
inter-class similarity between labeled data and unlabelled data. Extensive
experiments conducted on two public medical image datasets demon-
strate that our method reaches state-of-the-art performance compared
with former methods.

Keywords: semi-supervised medical segmentation · consistency
learning · medical MRI dataset

1 Introduction

Accurate segmentation of medical images provides clinicians with salient and
easily discernible information to help them make appropriate diagnoses, treat-
ment plans and prognosis predictions. With the development of deep learning,
deep learning models have demonstrated remarkable accuracy in various medical
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tasks. Convolutional Neural Networks (CNNs) [14,15,20,24,27] have achieved
impressive results in tasks like detecting tumors, identifying abnormalities in
medical images, and classifying diseases. Fully supervised segmentation mod-
els require large amounts of pixel-level labels for training. However, annotating
large-scale medical datasets at the pixel level can be particularly challenging
due to the high-resolution nature of medical images and the need for specialized
domain expertise. Recent advancements in weakly supervised [3,8,29] and semi-
supervised learning approaches [25,32] are being explored to reduce the reliance
on pixel-level annotations and enable training with less extensive supervision.

Semi-supervised segmentation provides a effective method to learn from a
smaller set of labeled data while leveraging a larger set of unlabeled data. The
unlabeled data serves as additional information that can help the model gen-
eralize better and learn more representative features. Mean teacher [28] is a
widely-used solution in semi-supervised segmentation to improve performance by
making the prediction and intermediate features remain consistent under differ-
ent perturbations. However, single prediction decoder is easily overly sensitive to
small perturbations in the input and lacks sufficient generalization performance.
Thus, dual branch and cross prediction supervision enforce consistency in model
predictions across different perturbations or transformations of the same input
data. In order to obtain different views of dual branch prediction, we proposed
a differentiated similarity loss to encourage dual branches to focus on captur-
ing the underlying structure or semantics of the data rather than relying on
incidental details or noise.

Meanwhile, copy and paste is one of the well-known data augmentations
in the semi-supervised field for unlabeled data. But it applies random crop
and paste to enforce stability, then the potential inter-class similarities between
labeled and unlabeled training data are not effectively mined. Medical image
usually contains only several class that means the voxels in same class are more
likely to be similar to each other. Some methods [1,19,30,38] apply contrastive
learning to encourage model to discover feature representation of each class.
Insufficient labeled data restricts the stability of training class prototypes from
scratch, it is still a challenge for medical image. We proposed a inter-class consis-
tency loss to find the inter-class similarity in a different way. The loss combines
the similar feature between labeled image and unlabelled image in order to mine
the potential information.

In short, contributions of our work can be summarized as follows:

– a cross-supervised learning framework based on dual classifiers (DBDSNet)
is proposed to enable models to learn more invariant and meaningful repre-
sentations from the data.

– A differentiated similarity loss (DSL) is proposed to encourage dual branches
to focus on capturing the underlying structure or semantics of the data rather
than relying on incidental details or noise.

– An inter-class consistency module is proposed to mine the inter-class similar-
ity between labeled data and unlabelled data.
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– Experiments demonstrate that our proposed model achieves state-of-the-art
performance on the LA2018 and ACDC datasets compared with several base-
lines.

2 Related Work

2.1 Medical 3D Segmentation

Medical images, such as CT or MRI scans, provide volumetric data in three
dimensions (3D). These images consist of a stack of 2D slices, with each slice
representing a cross-sectional view of the patient’s anatomy. UNet [27] firstly
proposed a encoder-decoder framework to segment medical MRI image. It use
downsample in encoder and upsample in decoder, deriving its name from its
U-shaped design. The skip connection plays a pivotal role in U-Net, connecting
corresponding encoder and decoder layers at the same spatial resolution. VNet
[24] follows a similar concept as UNet but is specifically tailored for volumet-
ric medical image segmentation. V-Net operates directly on 3D medical image
data, considering spatial dependencies across the entire volume. [14] introduces
a cascaded architecture, where multiple U-Net models are trained in a cascade
manner. It contributes to the field of medical image segmentation by providing
a comprehensive framework that combines various improvements to the original
U-Net architecture.

In recent years, while the Transformer architecture is primarily known for
its success in natural language processing tasks, it has also been adapted for
medical image segmentation [5,11,18,31]. TransUnet [5] combines the U-Net
architecture with Transformer modules to perform medical image segmentation.
It leverages the self-attention mechanism of Transformers to capture global con-
textual information and long-range dependencies within the images, improving
segmentation accuracy. However, transformer-based model need more labeled
data for training to enhance model stability and robustness, so it is not compat-
ible for semi-supervised segmentation task due to the rare labeled data.

2.2 Semi-supervised Learning

Semi-supervised learning methods discover feature representation from a smaller
set of labeled data while leveraging a larger set of unlabeled data. There are
various strategies employed by in semi-supervised segmentation, including Con-
trastive Learning [1,6,12], Consistency Regularization [7,26], Pseudo-labeling
[13,16,35,37], etc.

Pseudo-labeling. Pseudo-labeling methods are one of the most well-known
methods and the earliest semi-supervised methods. The basic idea behind the
method is extending the labeled dataset: generate pseudo-labels for unlabeled
images based on predictions made by a model trained on labeled data, then
extend the labeled dataset with confident pseudo-labels and corresponding unla-
belled image, and train a new model on this new dataset. Lee et al. [16] applied
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self-training strategy for the first time with deep neural networks and outper-
forms traditional semi-supervised learning methods in the case of Denoising
Auto-Encoder (DAE) and Dropout module. Yang et al. [35] applied data aug-
mentation techniques to unlabeled images during self-training. At each iteration
of the self-training process, those images with reliable pseudo-labels are pri-
oritized and those with a high probability of errors in the pseudo-labels are
discarded.

Contrastive Learning. Contrastive learning focuses on high-level features to
differentiate between classes in the absence of ground truth. In most contrastive
learning methods, the target samples to be compared are called queries, while
similar and dissimilar samples are defined as positive and negative keys, respec-
tively. He et al. [12] firstly build the basic framework in semi-supervised seg-
mentation, and proposed to use memory bank to store encoded sample. Chen et
al. [6] proposed a simple framework to encode the input image and considered
negative samples to calculate the loss. Wang et al. [30] proposed a uncertainty
guided contrastive learning method on medical MRI image in order to effectively
alleviate noise sampling from pseudo-labels of unlabeled data.

2.3 Consistency Regularization

Consistency Regularization promotes consistent predictions when the same input
is presented with perturbations. [4] proposed the assumption of smoothness that
for two nearby voxels in the input space, their labels must be the same. As
a result, the main idea of Consistency Regularization is to create augmented
versions of the unlabeled data and encourage the model to produce similar seg-
mentations for each version. The consistency loss penalizes discrepancies between
predictions on the different augmented versions.

The most commonly used method is Mean-teacher [28], forced the consistency
between the predictions of teacher network and student network. Exponential
moving average (EMA) is proposed to update the weights of teacher network by
the weight sum of student network and teacher network. Based on Mean-teacher
framework, Cutmix [9] applied cutmix data augmentation on dataset in order to
generate input perturbations. It combines images and their corresponding labels
by randomly cutting and pasting patches of one image onto another image, creat-
ing a new training example. Another famous method is proposed by [26], aimed
to use some auxiliary decoders to enforce consistency between the outputs of
the auxiliary decoders. [7] includes two independent network and emphasizes the
importance of enforcing diversity across networks, allows the model to leverage
the information present in the unlabeled data to improve segmentation accuracy.

3 Method

Our proposed network is shown in Fig. 1, which is divided into three main
module. In the first module, we use labeled training images (follow the parti-
tion principle) and unlabeled images to train the backbone network guided by
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Fig. 1. The whole framework of DBDSNet.

cross-entropy loss and dice loss. In the second module, we design inter-class con-
sistency module that mentioned in Sect. 3.2 to mine the inter-class similarity
between labeled data and unlabelled data. In the third module, we introduce
a differentiated similarity loss LDSL that mentioned in Sect. 3.3 to encourage
two branches to focus on capturing the underlying structure or semantics of the
data. Notice that we construct two ICCM for both branch and we draw both
module to show the data flow. Best viewed in color.

3.1 Framework

Mathematically, we assume that Dl and Du denote the labeled set and unlabeled
set, respectively. Labelled set contains far more elements than unlabelled set.
Then the 3D volume of a MRI image can be denoted as I l ∈ RC×H×W×D,
which will be fed into the following network.

For labeled data, the input 3D MRI data Xl ∈ Dl (Xl ∈ Rc×h×w×d) is
fed into the Encoder module f that consists of a series of 3D convolutional
layers and 3D max-pooling operations to downsample the spatial resolution while
increasing the number of feature channels. Then the decoder module g1 follows
the contracting path and is responsible for upsampling the feature maps and
reconstructing the segmentation mask. In this way, we can get the corresponding
feature map F 1

l and prediction map S1
l from Decoder g1. In order to make

different predictions, we rebuild another decoder g2 as same as g1 to segment
the same input data. Similarly, we can obtain feature map F 2

l and prediction
map S2

l from decoder g2.
F 1
l , S1

l = g1(f(Xl)) (1)

F 2
l , S2

l = g2(f(Xl)) (2)
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Similar to above, for unlabelled data Xun ∈ Du ( Xun ∈ Rc×h×w×d), we
also can obtain feature map F 1

un, prediction map S1
un from Decoder g1, feature

map F 2
un and prediction map S2

un from Decoder g2, respectively. To improve the
performance of the decoder, we adapt cross-entropy loss (Eq. 3) as a supervision
loss and employ cross pseudo supervision [7] strategy to improve the robustness
of both decoders. Cross-prediction strategy means that we use the pseudo label
generated from Decoder g1 as the label input for Decoder g2. And the pseudo
label generated from Decoder g2 is also considered as the label input for Decoder
g1.

Lce(X, y) = − 1
N

N∑

i

(y[i] ∗ log((X[i])) (3)

Lun
CE = Lce(S1

un, plab2un) + Lce(S2
un, plab1un) (4)

Ll
CE = Lce(S1

l , Y ) + Lce(S2
l , Y ) (5)

where Y is the label for labeled data I l, N is the number of categories, plab1un
and plab2un are the corresponding pseudo label generated from Decoderg1 and
Decoderg2 with no gradient.

Dice loss is a commonly used loss function in medical segmentation tasks for
evaluating the performance of semantic segmentation models. It measures the
similarity between the predicted segmentation mask and the ground truth mask
as same as cross-entropy loss. The dice loss can be denoted as Eq. 6.

Ldice(X,Y ) =
2 ∗ (|X ∩ Y |)

|X| + |Y | (6)

where X is prediction, Y is label map, |X| and |Y | means the element of X and
Y . Similar to cross-entropy loss, we can get the dice loss Lun

DICE and Ll
DICE as

Eq. 7 and Eq. 8, respectively.

Lun
DICE = Ldice(S1

un, plab2un) + Ldice(S2
un, plab1un) (7)

Ll
DICE = Ldice(S1

l , Y ) + Ldice(S2
l , Y ) (8)

3.2 Inter-class Consistency Loss

Medical image usually contains only several class that means the voxels in same
class are more likely to be similar to each other. In order to utilize the inter-
class similarity, we propose a ICC module which bridges the feature distribution
of labeled data and feature prediction of unlabelled data, as shown in Fig. 2.
Firstly, notice that we already have ground truth label for labeled data during
the training step. Therefore, by multiplying the label Y by labeled data feature
F i
l (i ∈ 1, 2), we can obtain the foreground feature vector V i

l ∈ RN×D of class i
by Eq. 9.

V i
l [j] = GAP (F i

l × (Y == j))(j ∈ 1, ..., N − 1) (9)
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Fig. 2. Inter-class consistency module. It is worth noting that both branches use ICC
modules, here we only draw a data flow as a demonstration.

where N is the number of class and GAP means global average pooling. Y == j
means that we use label Y to select the correct voxels for each classes. In this
way, we can get the initial class feature vector to represent initial average feature
for each class. Then we compute the similarity between feature vector V i

l and
F i
un to obtain similarity matrix Sim(u, v, k) ∈ Rc×h×w×d, as shown in Eq. 10.

The matrix

Sim(u, v, k) =
V i
l · F i

un

||V i
l || × ||F i

un|| (10)

where u,v,k point out the voxel in Sim matrix. Finally, the ICC loss is designed
as Eq. 11. Notice that we utilize ICC module for both branch. And for branch
i, we consider the internal similarity relationships of all classes individually and
finally aggregate to get the final Li

ICC .

Li
ICC =

N−1∑

j=1

1
hwd

∑
( | (plab2−i

un == j) − Sim | ) × Lce(Si
un, plab2−i

un )) (11)

where |.| represent that we take absolute values for the target value. Assuming the
voxel (u, v, w) does not belong to the target category, (plab2−i

un == j)(u, v, w) =
0, then |0 − Sim(u, v, w)| indicates the tendency that the voxel needs to be
optimised towards 0. Otherwise, (plab2−i

un == j)(u, v, w) = 1, 1 − Sim(u, v, w)
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encourages the model to be more precise in assigning higher confidence to the
target category.

3.3 Differentiated Similarity Loss

In Sect. 3.1, we employ cross pseudo supervision to encourage same between the
predictions of two perturbed networks for the same input image. Cross pseudo
supervision also encourages the model to maintain consistent predictions, which
affects the feature map of different decoders and is detrimental to the learning of
model perturbations. In semi-supervised segmentation, due to the lack of labelled
training data, it is of little value and a waste of effort to obtain similar features
from different encoders.

Cosine similarity is a famous measure of similarity between two feature map,
indicating the degree of alignment or similarity between their orientations. It
is sensitive to angles between feature maps and rewards features with similar
orientations regardless of their position. This makes cosine similarity suitable
for feature orientation gating. And cosine similarity ranges from −1 to 1, which
is easily to gated and discard useless signal. In this way, we can make the two
feature maps focus on different perspectives of the original input. This will help
us train the model. Therefore, we propose a differentiated similarity loss to
minimize the cosine similarity between F 2

un and F 1
un, as shown in Eq. 12. To

avoid producing negative values, we use the Relu [10] function to activate the
calculations.

LDSL = Relu(
F 2
un · F 1

un

||F 2
un|| × ||F 1

un|| ) (12)

3.4 Total Loss Function

The architecture of our classifier contains three main components. First module
is a dual-branch VNet backbone and cross prediction supervision to segmentation
medical 3D MRI image. The second module is inter-class consistency module to
mine the inter-class similarity between labeled data and unlabelled data. In the
third module, a differentiated similarity loss LDSL is mentioned to encourage
two branches to focus on capturing the underlying structure or semantics of the
data. The total loss is formulated as Eq. 13.

Ltotal = Ll
CE + Ll

DICE + Lun
CE + Lun

DICE + αLDSL + LICCL (13)

4 Experiment

4.1 Datasets and Preprocessing

Our code is built in Pytorch 1.7.1 and cuda version is 11.2. A RTX2080 12G
GPU is used for training with fixed random seed. We evaluate proposed method
DBDSNet on two benchmark datasets: LA dataset [34] and ACDC dataset [2].
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Table 1. Evaluation of the segmentation result in terms of Dice (%), Jaccard (%), 95%
Hausdorff Distance (95HD) and ASD on the LA dataset. Best results are highlighted.

Method labeled Unlabelled Dice(%)↑ Jaccard(%)↑ 95HD↓ ASD↓
VNet 4(5%) 0 52.55 39.60 47.05 9.87

VNet 8(10%) 0 82.74 71.72 13.35 3.26

VNet 80(all) 0 91.47 84.36 5.48 1.51

UA-MT [36] 8(10%) 72(90%) 87.79 78.39 8.68 2.12

SASSNet [17] 8(10%) 72(90%) 87.54 78.05 9.84 2.59

DTC [21] 8(10%) 72(90%) 87.51 78.17 8.23 2.36

URPC [23] 8(10%) 72(90%) 86.92 77.03 11.13 2.28

MC-Net [33] 8(10%) 72(90%) 87.62 78.25 10.03 1.82

SSNet [32] 8(10%) 72(90%) 88.55 79.62 7.49 1.90

Ours 8(10%) 72(90%) 89.30 80.81 9.02 1.68

LA Dataset. The Atrial Segmentation Challenge dataset [34] comprises a total
of 100 3D gadolinium-enhanced magnetic resonance imaging scans (GE-MRIs)
with accompanying labels. We strictly adhere to the settings that are used in
the SSNet [32] and UA-MT [36]. In terms of data preparation, we use rotations
and flips to enhance the input. We utilize an SGD optimizer, initially setting the
learning rate at 0.01 and decreasing it every 2.5K iterations. From the whole 3D
volume of the MRI image, 112 × 112 × 80 patches are randomly selected during
the training step. The number of iterations of the pre-training and self-training
are fixed to be 2k and 15k, respectively.

ACDC Dataset. The ACDC dataset [2] comprises four categories, including
the background, left ventricle, right ventricle as well as myocardium. It includes
imaging scans from 100 patients, with a fixed data split of 70, 10 and 20 patients
for training, validation and testing, respectively. For ACDC dataset, we also
follow the setting of SSNet [32] and [22]. In this experiment, we employ 2D-
UNet as the foundational backbone of our method. During the training phase,
we crop the size of the input patch to be 256 × 256. In addition, we set other
parameters such as the batch size, the number of pre-training iterations, and the
number of self-training iterations to 24, 10,000, and 30,000, respectively.

Evaluating Metrics. We plan to use four evaluation metrics to compare with
state-of-the-art methods and to verify performance on the datasets. Two object
regions can be analysed using the Dice and Jaccard metrics, which calculate
the overlap percentage. Average Surface Distance(ASD) calculates the median
distance between the boundaries of the two regions, while 95% Hausdorff Dis-
tance(95HD) measures the nearest distance between their respective points.

4.2 Comparison with State-of-the-Art Methods

LA Dataset. We compare our DBDSNet method with recent semi-supervised
semantic segmentation methods, including UT-MA [36], SASSNet [17], SSNet
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Table 2. Evaluation of the segmentation result in terms of Dice (%), Jaccard (%), 95%
Hausdorff Distance (95HD) and ASD on ACDC dataset. Best results are highlighted.

Method labeled Unlabelled Dice(%)↑ Jaccard(%)↑ 95HD↓ ASD↓
UNet 3(5%) 0 47.83 37.01 31.16 12.62

UNet 7(10%) 0 79.41 68.11 9.35 2.70

UNet 70(all) 0 91.44 84.59 4.30 0.99

UA-MT [36] 3(5%) 67(95%) 46.04 35.97 20.08 7.75

SASSNet [17] 3(5%) 67(95%) 57.77 46.14 20.05 6.06

DTC [21] 3(5%) 67(95%) 56.90 45.67 23.36 7.39

URPC [23] 3(5%) 67(95%) 55.87 44.64 13.60 3.74

MC-Net [33] 3(5%) 67(95%) 62.85 52.29 7.62 2.33

SSNet [32] 3(5%) 67(95%) 65.83 55.38 6.67 2.28

Ours 3(5%) 67(95%) 86.14 76.80 8.37 2.53

UA-MT [36] 7(10%) 60(90%) 81.65 70.64 6.88 2.02

SASSNet [17] 7(10%) 60(90%) 84.50 74.34 5.42 1.86

DTC [21] 7(10%) 60(90%) 84.29 73.92 12.81 4.01

URPC [23] 7(10%) 60(90%) 83.10 72.41 4.84 1.53

MC-Net [33] 7(10%) 60(90%) 86.44 77.04 5.50 1.84

SSNet [32] 7(10%) 60(90%) 86.78 77.67 6.07 1.40

Ours 7(10%) 60(90%) 87.78 79.13 4.51 1.50

Table 3. Ablation study of hyper-parameter for differentiated similarity loss (DSL)

weight Dice(%)↑ Jaccard(%)↑ 95HD↓ ASD↓
0.1 88.05 78.84 11.83 2.22

0.2 89.01 80.37 9.01 1.79

0.5 89.30 80.81 9.02 1.68

1 88.90 80.19 9.89 1.65

[32], DTC [21], MC-Net [33] and URPC [23]. In addition, we also include the
results of supervised methods that train the model with only labelled data for
comparison (denoted as backbone name). For all of the experiments, we follow
SSNet and randomly split the datasets on LA datasets, as shown in Table 1.
Our model performs state-of-the-art performance in the all sota methods, and
outperforms the current SOTA method by 0.75% and 1.09% on Dice and Jaccard
when only 8 labelled data are available, respectively.

ACDC Dataset. The Table 2 displays the results of four-class segmentation
performance on the ACDC dataset using labeled ratios of 5% and 10%. In com-
parison to state-of-arts, our model DBDSNet achieves excellent performance,
with a large margin of improvement in many metrics. For 10% labeled ratio, our
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Fig. 3. Visualization for our model on LA dataset compared with some state-of-art
methods.

Table 4. The effectiveness of the main contribution on LA Dataset evaluated with 8
labeled data. Baseline means no additional module for backbone; DSL means that using
differentiated similarity loss to improve the performance; ICCL means use inter-class
module to supervise the model for better training

baseline dual+ce DSL ICCL Dice(%)↑ Jaccard(%)↑ 95HD↓ ASD↓
√

82.74 71.72 13.35 3.26√ √
87.30 77.74 11.39 2.10√ √ √
88.50 79.67 9.61 1.76√ √ √ √
89.30 80.81 9.02 1.68

model improve the second best results by 1.0% on Dice metric, 1.46% on Jaccard
and 1.56 on 95HD. For 3 labeled experiment, our model improve the second best
results by 20.31% on Dice metric and 21.42% on Jaccard. Following SSNet [32],
we use 2-dimensional slices as input data to train the model. With cross pseudo
supervision and differentiated similarity loss, our network produces divergent but
reasonable multiple predictions, thus mitigating errors due to model error or lack
of robustness. In addition, mining for inter-class information can effectively focus
on the precision of detail boundaries and confusing voxels.

Visualization on LA Dataset. We visualise the predictions produced by dif-
ferent methods and use this as a comparison to show the effectiveness of our
model. The detail can be seen in Fig. 3. Our model successfully avoids gener-
ating false positive annotations in some of the regions that are prone to be
misclassified, as shown in the first line. As for the second line, our method is
capable of uncovering potential voxels in some regions, thus discovering and
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completing some true negative pixels. The third row shows that our model is
able to achieve a relatively complete segmentation, with smooth boundaries for
most of the region.

4.3 Ablation Study

We conduct ablation studies to show the impact of each component in DBDSNet
and show how the hyper-parameter influence the performance of our DBDSNet.
We choose LA dataset as the main dataset and use 8 labeled data as labeled set.
Other parameters are set as same as the state-of-art comparison.

Loss Weight of DSL. We initially set α as the default value at 0.5. We then
varied α to 0.1, 0.2, 0.5 and 1 to examine its impact on performance. The data
presented in the Table 3 indicates an increase in performance as α is adjusted
from 0.1 to 0.5; however, a decline in the performance is observed when α is set
to 1. Therefore, for loss weight α selection, we choose 0.5 as the current local
optimal solution.

Effectiveness of Components. Recall that our DBDSNet includes a ICC
module, a DS loss and dual-branch training. Note that there are two losses,
i.e., the differentiated similarity loss LDSL and the inter-class consistency loss
LICCL. We now analyse the individual contributions of these losses and module.

From Table 4, we can observe that if we only apply dual branch and cross
pseudo supervision, our method will bring a performance improvement of over
4.56%. But Due to the presence of cross pseudo supervision, the attention of
the two branch predictions will be biased towards similar views and the reason-
ing views of the two sub-nets are kind of correlated, leaving a large space for
improvement. When applying our differentiated similarity loss LDSL, the perfor-
mance is observed to increase 1.2% on Dice metric, indicating that our operation
can ensure the two sub-nets reason the input from two differential views, thus
improving the robustness of the model. In addition, if we apply the ICC module,
there is a 0.8% improvement of Dice metric on dataset, which means our model
can mine the potential inter-class similarities and bridge the similar feature rep-
resentation in this way.

4.4 Limitation and Future Work

In this work, DBDSNet was designed for multiple categories in a small number of
organs. One of the limitations is that we did not evaluate our model on a complex
dataset containing multiple organs. On this type of dataset, achieving optimal
segmentation results can be highly challenging. Besides, the model is limited
by traditional CNN backbone, which can be replaced by Transformer. In the
future, We intend to expand DBDSNet to address the challenge of segmenting
3D medical images with multiple organs, and explore inter-class attention and
similarity mechanisms to effectively handle objects with indistinct boundaries
and low contrast.
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5 Conclusion

This paper proposes a cross-supervised learning framework based on dual clas-
sifiers, namely DBDSNet, that guarantees a level of disagreement through their
complementarity. First, dual-branch framework can reduce the wrong prediction
due to the average predict of dual branches. Second, differentiated similarity loss
effectively maintains the consistency of the two branch predictions and stabilizes
the accuracy of the model. Last, we construct a inter-class consistency module to
bridge the feature similarity between labeled data and unlabelled data. Extensive
experiments conducted on two public medical image datasets demonstrate the
superior segmentation performance of DBDSNet compared to other methods.
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