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Abstract—Semi-supervised learning (SSL) improves medical
image segmentation by exploiting limited labeled and abundant
unlabeled data. However, the imbalance between large back-
ground and sparse foreground regions hinders the learning of
rare classes, while inevitable errors in pseudo-labels cause class
confusion and reduce segmentation accuracy. To address these
issues, we propose a novel Synergistic Dual-Resolution Fusion
Network (SDRF-Net). Our framework introduces a grid-based
foreground reorganization (GFR) module to reconstruct and
diversify foreground regions, improving rare class recognition. A
dual-segmentation head architecture (DSHA) then synergistically
integrates global contextual information and local fine-grained
details. Furthermore, an entropy-aware weighting (EAW) mech-
anism is employed to reduce noise during pseudo-label fusion
by suppressing unreliable predictions. Extensive experiments
on three public medical image datasets show that SDRF-Net
effectively alleviates class imbalance and pseudo-label inaccuracy,
achieving state-of-the-art performance.

Index Terms—Semi-supervised learning, Medical image seg-
mentation, Synergistic Dual-Resolution Fusion

I. INTRODUCTION

Semantic segmentation assigns a category label to every
pixel in an image, and while deep neural networks have sig-
nificantly advanced medical image segmentation [1]-[4], their
reliance on large-scale annotated datasets remains a major bot-
tleneck due to high annotation costs [5]-[7]. Semi-supervised
learning (SSL) addresses this by leveraging limited labeled
data alongside abundant unlabeled data [8]-[10], reducing
annotation dependency and improving generalization [11]-
[14]. Therefore, it has become an important idea for medical
image segmentation.

Pseudo-labeling is one of the widely adopted strategies in
semi-supervised medical image segmentation (SSMIS), and
the quality of the generated pseudo-labels is crucial for model
learning. Since pseudo-labels inevitably contain errors, effec-
tively mitigating these errors remains a central challenge in
this field. Existing methods, such as BCP [15], which aligns
distributions via region-based copy-paste, MCF [16], which
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employs a dual-network framework with dynamic pseudo-
label generation, and multi-decoder or auxiliary-decoder ap-
proaches [17]-[19], have alleviated this problem to some ex-
tent. However, these methods generally overlook the impact of
foreground—background distribution on pseudo-label quality.
In particular, models often underperform on rare foreground
classes, resulting in a higher rate of pseudo-label errors.
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Fig. 1: The Dice Score progression for the foreground class during
U-Net pre-training on ACDC. The orange and blue lines denote per-
formance using the reconstructed and original datasets, respectively.

To address the aforementioned issues, as illustrated in
Fig. 1(c), we enhance the model’s multidimensional repre-
sentation capabilities for rare foreground categories by re-
constructing diverse foreground-background combinations. Si-
multaneously, to facilitate more effective learning of fore-
ground features in both original and reconstructed data, we
further introduce a Dual Segmentation Head Architecture
(DSHA). Specifically, the Grid-based Foreground Reorgani-
zation (GFR) module divides the input image into NxN non-
overlapping grids and systematically redistributes foreground
regions across different grid cells. Subsequently, the recon-
structed image is restored to its original size (Fig. 1 (b)),
enhancing the learnability of foreground features through con-
trolled spatial redistribution. The Dual Segmentation Head Ar-
chitecture (DSHA) achieves feature complementarity through
a primary segmentation head and an auxiliary segmentation
head. The primary segmentation head employs large, deep
convolutional kernels to extract global semantic features from
raw data, while the auxiliary segmentation head uses small
convolutional kernels to capture local, fine-grained features



from the restructured data. Extracted features are dynamically
integrated based on the entropy-aware weighting strategy
(EAW), adaptively balancing the contributions of global and
local information. The main contributions can be summarized
as follows:

o We propose a Synergistic Dual-Resolution Fusion Net-
work that reorganizes diverse foreground classes and
enhances pseudo-label quality.

o A Grid-based Foreground Reorganization strategy is in-
troduced to construct diverse foreground distributions.

e We design a Dual-Segmentation with Entropy-Aware
Weighting to learn two perspectives, adaptively fusing
predictions for more reliable pseudo-labels.

II. RELATED WORK
A. Data Augmentation Strategies

Data augmentation plays a crucial role in semi-supervised
medical image segmentation by enhancing training diversity
and improving model generalization. Conventional techniques,
such as geometric transformations and intensity perturbations,
provide limited appearance variations. To further enrich the
training distribution, recent methods explore region-level and
sample-mixing strategies. Mixup [20] and CutMix [21] com-
bine image regions or pixel distributions to increase sam-
ple diversity, while subsequent works extend these ideas to
semi-supervised settings by leveraging labeled data to guide
unlabeled learning, such as GuidedMix-Net [22], BCP [15],
and ABD [23]. However, most existing augmentations perturb
only the input space without explicitly considering foreground
structures. In contrast, we introduce a foreground-aware data
augmentation strategy combined with a dual-segmentation
head architecture, which explicitly separates the learning of
original data and reorganized foreground regions, thereby
improving generalization and robustness, especially for rare
foreground classes.

B. Network Architectures

Encoder—decoder architectures such as U-Net [3] and V-
Net [2] form the backbone of many semi-supervised medical
image segmentation methods. To further reduce prediction
errors, recent studies adopt dual or multiple networks for
mutual supervision and consistency regularization, including
CauSSL [24], ECS [25], and DWCL [19]. More recent ap-
proaches incorporate hybrid architectures or complex training
schemes, such as M-CnT [26], MCF [16] and AD-MT [27],
which introduce increased architectural and training com-
plexity. In contrast, our dual-segmentation head architecture
captures complementary global and foreground-specific infor-
mation, which helps refine pseudo-label quality and improve
robustness under class imbalance.

III. PRELIMARY

In SSMIS, we are given a small labeled dataset
Dt = {(mz,yz) Y, and a large unlabeled dataset D% =
{xuyMH N+1, Where N < M, with z¢, y!, and ¥ denoting

labeled images, their ground truths, and unlabeled data, respec-
tively. Our goal is to learn a robust segmentation model f(-)
that assigns pixel-wise labels from K classes. The segmentator
F(8,-) = E(-) o Do (H° + HP) consists of an encoder E(-),
a decoder D, and segmentation heads H(-).

IV. PROPOSED METHOD

Our approach is fundamentally centered around the Mean
Teacher model, a semi-supervised learning framework where
the student model is guided by a more stable teacher model.
The overall framework is shown in Fig. 2.

A. Dual-Segmentation with Entropy-Aware Weighting

In this paper, the teacher and student models are respec-
tively defined as: F;(6;,¢) = E(xz) o Dy o (H? +HY) and
Fs(0s,2) = Es(x) o Dg o (H? + HP). Both of them use
a U-Net backbone (e.g., V-Net for 3D data). To effectively
learn foreground class features from the original and reorga-
nized data, we design a Dual-Segmentation Head Architecture
(DSHA) in both the teacher and student models above, namely
‘H° and HP in the formula. Here, the primary segmentation
head H° extracts global semantic features, while the auxiliary
segmentation head H” focuses on capturing fine-grained local
features.

To further balance the output of the dual segmentation head.
We propose an Entropy-Aware Weighting (EAW) strategy to
dynamically fuse predictions from the dual segmentation heads
based on their uncertainty. Let Y1 and Yy represent the outputs
from the primary and auxiliary heads, respectively. Their prob-
ability distributions are obtained via softmax normalization:

Py, = softmax (Y1), Py = softmax(Yy). (D
The uncertainty of each prediction is measured using entropy:
VT ZZ Py log(Py, +e),
Eg, == Py, log(Py, +6),

where € is a small constant for numerical stability. The final
fusion weights are computed as:

E
2

l-g EEI
ag = nitelt o ap=l-ag. )
22 (1 _ Eg, )
k=1 EQ1+EQ2 +e
The fused output is then obtained by:
Y=oag Y1+ar- Y. 4)

B. Grid-based Foreground Reorganization

To mitigate severe class imbalance in medical image seg-
mentation, particularly the sparsity of foreground regions,
we propose a Grid-based Foreground Reorganization (GFR)
strategy. GFR systematically reorganizes foreground regions
within an N xN non-overlapping grid structure to construct di-
verse foreground distributions and improve recognition of rare
foreground features. The approach consists of two key compo-
nents: Grid Partitioning and Reorganization, and Foreground-
Background Fusion.
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Fig. 2: The overall framework uses a 2x2 partitioning strategy on the ACDC dataset. Each sample is represented by a distinct colored block,
with numerical labels indicating foreground proportion ranking and black rectangles showing extracted foreground features. Label processing

is omitted for clarity.

TABLE I: Comparisons with SOTA on the ACDC dataset.

Method  Labeled Unlabeled Dice 1 Jaccard T 95HD | ASD |
U-Net 5% 0 47.83 37.01 31.16 12.62
U-Net 10% 0 79.41 68.11 9.35 2.70
U-Net All 0 91.44 84.59 4.30 0.99
UA-MT 46.04 35.97 20.08 7.75
SASSNet 57.77 46.14 20.05 6.06
DTC 6.90 45.67 23.36 7.39
URPC 5% 95% 55.87 44.64 13.60 3.74
MC-Net 62.85 52.29 7.62 2.33
SS-Net 65.83 55.38 6.67 2.28
BCP 87.59 78.67 1.90 0.67
Ours 87.95 79.19 6.67 1.86
UA-MT 81.65 70.64 6.88 2.02
SASSNet 84.50 74.34 5.42 1.86
DTC 84.29 73.92 12.81 4.01
URPC 10% 90% 83.10 72.41 4.84 1.53
MC-Net 86.44 77.04 5.50 1.84
SS-Net 86.78 77.67 6.07 1.40
BCP 88.84 80.62 3.98 1.17
Ours 90.46 83.06 1.58 0.57

1) Grid Partitioning and Reorganization: Formally, the
Grid Partitioning operation P RNXHXWXC
RNXNx X% %C divides the input image into N x N non-
overlapping grid cells, where H, W, and C' denote height,
width, and number of channels, respectively. Its inverse op-
eration P! reconstructs the image to its original dimen-
sions. During self-training, we sample a batch of labeled
data DY, = {(z¢,yf)}E, and unlabeled data DY, =
{(z¥, %) }B |, where B is the batch size and g denotes the
pseudo-label from the teacher model. Both batches undergo
grid partitioning:

12 u o 4 U
Dgrid’ Dgrid - PNXN(DbatCh7 Dbatch)'

yielding partitioned labeled data ’Dérid = {(wf s yﬁ i) it1rje1
and unlabeled data Dg;q = {(z};, 9i';) ?:1,;\7:21, with K =
B x N? total segments per batch. The overall strategy is
illustrated in Figure 2.

2) Foreground-Background  Fusion: We  introduce
Foreground-Background Fusion (FBF) to enhance the

utilization of foreground information from labeled data. For

®)

B N?

grid cell pairs (:cf’j,yf’j) from Dgrid and (z;,9;';) from

Dg,;q> We define foreground and background masks as:
M;=1(y; =0, My=1y;=0),  (©
where ¢ € 1,2,...,C denotes foreground classes. The mixed

data is generated by:

m

o', = @i, © (1 - M AMg) + i, 0 (M, AMg), (7)

Y =9, © (1 — MAMY) +yl, © (MEADM), (8)

where © denotes element-wise multiplication and A denotes
logical AND. Prior to fusion, labeled data is sorted in descend-
ing order by foreground proportion while unlabeled data is
sorted in ascending order, ensuring optimal matching between
high-foreground labeled cells and low-foreground unlabeled
cells. The mixed dataset is formally defined as:

mix __

m _— u .. Z ..
aid = Uz =2, O M +x; ; © M, 5,

e . O
Y =91 O M +yi; © M)l
where M; ; = ]l(yf’j =¢) A L(g;'; = 0) is the fusion mask,
while M; ; = 1 — M, ; is complement. Finally, the inverse
operation P~! reconstructs the mixed data to the original:

D" = Pl

mix)

grid (10)

yielding D = {(z,y™)}E |, which integrates global
and local features to enhance learning of both comprehensive
relational and discriminative features.

C. Optimization Objective

The loss function optimizes the student model during self-
training. For both original and mixed data, predictions from
the dual segmentation heads are used to compute a combined
loss of Dice and cross-entropy: Lseg = Ldice + Lce. Using



TABLE II: Comparisons with SOTA on the LA dataset.

TABLE IV: Ablation study of GFR and DSHA on the ACDC.

Method Labeled Unlabeled Dice T Jaccard T 95HD | ASD | Method Labeled Unlabeled Dice 1 Jaccard t+ 95HD | ASD |

V-Net 5% 0 52.55 39.60 47.05 9.87 U-Net+DSHA 73.93 63.80 9.98 2.36

V-Net 10% 0 82.74 71.72 13.35 3.26 U-Net+GFR 5% 95% 87.66 78.72 5.39 1.64

V-Net All 0 91.47 84.36 5.48 1.51 U-Net+GFR+DSHA 87.95 79.19 6.67 1.86

UA-MT 82.26 70.98 13.71 3.82 U-Net+DSHA 88.17 79.66 2.18 1.77

SASSNet 81.60 69.63 16.16 3.58 U-Net+GFR 10% 90% 89.36  81.47 7.55 1.96

DTC 81.25 69.33 14.90 3.99 U-Net+GFR+DSHA 90.35 8291 2.14 0.76

RP! 5% 95% 2.4 71. 14. . .

ﬁc_ﬁet Y ’ 23.53 7232 14.(6)% %% TABLE V: Ablation study of EAW on ACDC dataset. i refers to

ESC-lID\Iet ggg% ;g%; 23(7) %% the weights of the outputs from ¢, and «y, refers to the weights of

Ours 8882 7996  7.68 193 the outputs from #Z.

Jamr 719 I8 s 212 ag ar Labeled Unlabeled Dice 1 Jaccard T 9SHD | ASD |

DTC 87.51 78.17 8.23 2.36

URPC  10%  90% 8692 7703  1L13 228 07 o2 310 AL 34 148

MC-Net 87.62 78.25 10.03 1.82 0‘5 0‘5 5% 95% 87.74 78.83 7‘33 2.08

SS-Net 88.55 79.62 7.49 1.90 : 2 : : : :

Ours %022 8228 608 183 07 03 8992 8220 295  1.08
06 04 o9 90% 90.16  82.62 2.31 0.72

TABLE III: Comparisons with SOTA on the PROMISE12 dataset. 05 05 89.71 81.92 2.15 0.82

Adaptive 90.46  83.06 1.58 0.57

Method Labeled Unlabeled Dice 1 ASD |
20% 0 60.88 13.87
U-Net 100% 0 84.76 158
CCT 71.43 16.61
e a0
-Net . .
SLC-Net 20% 80% 6831 469
SCP-Net 77.06 352
ABD 82.06 133
Ours 83.73 113
ABD 81.81 1.46
Ours 10% 90% 82.44 1.26

Lseg, the losses for labeled data and mixed data are defined
as follows, respectively.

£lab = Lseg(ng(mf)a yf)) + £seg(H§(mf)v yf))a
Linix = Lseg(H(@"), Yi")) + Loeg(HE ("), 4i™))-

The total loss is a weighted sum:

ﬁall = Oéﬁlab + ﬂ‘cmixv

(1)

(12)
where o and  balance the labeled and mixed data losses.

V. EXPERIMENTS
A. Datasets and Metrics

Our experiments are conducted on three publicly available
datasets. The LA dataset from the Atrial Segmentation Chal-
lenge [28] comprises 100 3D GE-MRI scans with ground
truth labels. All scans have an isotropic resolution of 0.625
x 0.625 x 0.625 mm3. We use 80 scans for training and
20 for validation. The ACDC dataset [29] from the 2017
Automated Cardiac Diagnosis Challenge contains 100 cardiac
MRI sequences (256 x 256) for four-class segmentation: back-
ground, right ventricle, left ventricle, and myocardium. Data
is divided into 70 training, 10 validation, and 20 test cases.
The PROMISE12 dataset [30] from the MICCAI 2012 prostate
segmentation challenge contains 50 MRI scans from patients
with various diseases, acquired across multiple centers. The
data is split into 35 training and 15 test cases. We employ four
standard evaluation metrics: Dice Score (%), Jaccard Score
(%), 95% Hausdorff Distance (95HD, voxels), and Average
Surface Distance (ASD, voxels).

B. Implementation Details

We use SGD with an initial learning rate of 102 and
weight decay of 10~ across all datasets. For the LA dataset,
we employ a 3D V-Net with a batch size of 8, dividing
each 112x112x80 volume into 8 patches of 56x56x40. For
ACDC [15] and PROMISE12, we use a batch size of 24.
ACDC slices (256 x256) are divided into 16 patches of 64 x 64,
while PROMISE12 slices use a 2x2 partition, yielding 4
patches of 128x128.

C. Comparison with Sate-of-the-Art Methods

We conduct comprehensive evaluations on three medical
datasets: ACDC, LA, and PROMISE12. Quantitative compar-
isons with state-of-the-art methods [15], [23], [31]-[38] are
summarized in Tables I, II, and III. Across all datasets and
under various labeled data ratios (5%, 10%, and 20%), our
method consistently demonstrates superior performance com-
pared to existing approaches. Qualitative results (Fig. 3, 4)
further confirm the effectiveness of our approach. In particular,
compared to other methods that often exhibit blurry bound-
aries, incomplete segmentation, and artifacts, our method
produces more accurate delineations and preserves finer struc-
tural details. These visual comparisons highlight our method’s
enhanced capability in handling complex anatomical variations
and challenging foreground-background distributions across
different medical imaging modalities.

D. Ablation Studies

Effects of different components Ablation experiments are
conducted on the ACDC dataset to evaluate the contributions
of key components in the proposed method, with a particular
focus on the DSHA and GFR. As shown in Table IV, under the
5% labeled setting, when the DSHA is adopted, introducing
the GFR strategy leads to a substantial performance improve-
ment, resulting in a Dice score increase of 14.02% on the
ACDC dataset. Moreover, under the 10% labeled setting, with
DSHA in place, the incorporation of GFR further enhances the
segmentation performance, yielding an additional Dice gain of
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Fig. 3: The vision of LA dataset. Blue circles denote regions that are missing compared to the Ground Truth, whereas red circles highlight
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TABLE VI: Ablation study of Grid cell Size (2 x 2 vs 4 x 4) on
ACDC and PROMISEI12 datasets with 10% labeled data

Dataset Partition Labeled Unlabeled Dice 1T Jaccard T 95SHD | ASD |

2%2 8936 8127 573 162
ACDC axa 0% 0% 994 8306 158 057

2%2 8244 7029 301 126
PROMISEI2 = §ly  10%  90%  ¢i'74 6941 1579 453

TABLE VII: Ablation Study of Grid cell Size with 4 x 4 Partitioning
on ACDC datasets.

Labeled Unlabeled P FBF P! Dice + Jaccard T 95HD | ASD |

v 6919 5655 2138 627
so osm Y v/ 8493 7493 000 289
V. 8543 7558 776 234

v v v $178 7888 446 147

v 8608 7637 1054 3.0

v v 8924 8120 475 131

0% 9%0% 5 o 8008 8230 304 105
v v v 9035 8091 214 076

0.99%. Overall, the ablation results confirm the effectiveness
of both the proposed GFR strategy and DSHA in enhancing
segmentation performance.

Entropy-Aware Weighting To validate the effectiveness of
our proposed EAW strategy for DSHA outputs, we conducted
a comprehensive ablation study comparing two approaches:
fixed weight and EAW. Our results show that EAW dynam-
ically adjusts fusion weights by entropy levels, achieving
superior Dice and Jaccard scores (see Table V).

Grid cell Size We conduct ablation studies on the grid cell size
in our Grid-based Foreground Reorganization module. Specif-
ically, we evaluate the impact of different grid configurations
(N x N) where N € {2,4} under 10% annotated data. As
shown in Table VI, on the ACDC dataset, the 4 x 4 grid

partition improved the Dice score by 1.10% and the Jaccard
score by 1.79% compared to the 2 x 2 partition. In contrast, on
the PROMISEI2 dataset, the 2 x 2 partition performed better,
increasing the Dice score by 0.70% and the Jaccard score by
0.88% over the 4 x 4 partition. Based on the experimental
results, we think that the ACDC dataset contains more diverse
foreground classes, which require finer-grained partitioning,
whereas the PROMISEI2 dataset involves more simple and
single foreground classes, making it more suitable for coarser
partitioning strategies.

Grid-based Foreground Reorganization In this section, we
conduct a comprehensive ablation study on the three key
components of the GFR module. Based on the results of the
previous ablation study, a grid cell size of 4 x 4 is adopted
for all experiments on the ACDC dataset. As demonstrated in
Table VII, disabling the Grid Partitioning module and applying
only FBF (Foreground-Background Fusion) to oringinal input
data leads to the worst performance, which is consistently
observed under both 5% and 10% annotation ratios. The
experimental results demonstrate that incorporating the Grid
Partitioning module leads to substantial performance improve-
ments.

VI. CONCLUSION

This paper proposes a novel semi-supervised medical image
segmentation framework, SDRF-Net, which targets the chal-
lenges of foreground-background imbalance and inaccurate
pseudo-labels. It incorporates the GFR module and an DSHA.
Specifically, GFR reconstructs local feature distributions to
capture rare foreground patterns, while DSHA adaptively fuses
global and local information to enhance prediction robustness.
Through the synergistic effect of these two modules, our
method effectively addresses the above issues and achieves
SOTA performance on multiple benchmark datasets.
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