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Abstract—Given the scarcity of expert annotations, semi-
supervised learning has become standard practice for medical
image segmentation. The scarcity of expert annotations in med-
ical imaging necessitates semi-supervised learning approaches.
In semi-supervised medical image segmentation, existing meth-
ods typically impose point-wise consistency regularization or
contrastive learning on individual voxels. However, such voxel-
centric paradigm inherently lacks global structural constraints
over class distributions, thus failing to disambiguate ambigu-
ous boundaries with intra-class heterogeneity. While prototype
learning provides distribution-level guidance, its semi-supervised
application remains constrained by the reliability challenge of
learning prototypes from noisy pseudo-labels. To this end, we
present TR-PC, a framework that performs feature purification
and semantic decoupling in probabilistic projection space. It first
introduces a Texture-Refined Probabilistic Head (TR-Head) to
suppress feature noise in 3D convolutions via local contextual
modeling and dimension-balanced projection, thereby mapping
raw voxels into high-fidelity multivariate Gaussian distributions.
Afterwards, leveraging predictive uncertainty as a dynamic dis-
criminator, it explicitly decouples each class center into cohesive
core prototypes and dispersed boundary prototypes, and enforces
divide-and-conquer likelihood matching. Therefore, the model is
encouraged to infer and delineate highly challenging ambiguous
regions via these decoupled core-boundary distributional con-
ditions. TR-PC achieves state-of-the-art performance on three
authoritative SSMIS benchmarks (LA, ACDC, and Pancreas-
CT), with particularly significant improvements in boundary
metrics (HD95).

Index Terms—semi-supervised segmentation, data uncertainty,
probabilistic representation, prototype learning

I. INTRODUCTION

Medical image segmentation plays a crucial role in
computer-aided diagnosis [1], [4]. While fully supervised
methods achieve high precision, they require large amounts
of annotated data. However, due to the high cost of pixel-
level annotation and the demand for specialized expertise,
acquiring large-scale high-quality annotated datasets remains
extremely challenging. Facing the challenge of label scarcity,
semi-supervised learning (SSL) has become a research hotspot
by combining a small amount of annotated data with large
numbers of unlabeled medical images [2], [18].

Existing semi-supervised medical image segmentation
methods can be broadly categorized into several types. Pseudo-
labeling methods generate pseudo-labels for unlabeled data
and iteratively train models [3], but are prone to confirmation
bias, leading to error accumulation. Co-training methods lever-
age multiple models for complementarity [29], yet maintaining
inter-model diversity remains challenging. Consistency-based

methods constrain the model to produce consistent outputs
under perturbations [13]. However, limited transformation
applicability in medical imaging leads to restricted pertur-
bation design space, causing distribution shift and imprecise
segmentation [19]. Contrastive methods treat voxels as posi-
tive or negative instances and minimize embedding distance
between same-class samples [9]. However, intrinsic ambiguity
in medical imaging poses challenges due to unclear boundaries
and expert variability [31], while forcibly mapping voxels into
single coordinates in feature space inherently lacks global
structural constraints over class distributions. Consequently,
this voxel-centric pattern may lack contextual information and
be insufficient in segmenting ambiguous regions [5], [7].

Traditional probabilistic modeling approaches (e.g., varia-
tional inference, Monte Carlo Dropout) can quantify uncer-
tainty but rely on deterministic features and lack distribution-
level semantic modeling [8], [17], [21]. In recent years,
prototypical learning naturally provides global class guidance
[20], [30]. However, its application in semi-supervised settings
remains constrained by learning prototypes from noisy pseudo-
labels [27]. Furthermore, convolutional operations in 3D med-
ical images often introduce feature noise [6], undermining
prototype quality. More critically, traditional single-prototype
representations cannot distinguish between core regions and
ambiguous boundaries within each class [12], leading to
inference failure in high-uncertainty regions. To address these
issues, we propose TR-PC, which achieves feature purifica-
tion and semantic decoupling via texture-refined probabilistic
representation and uncertainty-driven dual-prototype learning.

The main contributions of this paper are summarized as
follows:

« We propose a Texture-Refined Probabilistic Head (TR-
Head) that maps voxels into high-fidelity Gaussian dis-
tributions via local contextual modeling, effectively sup-
pressing feature noise in 3D convolutions.

« We design an uncertainty-driven dual-prototype decou-
pling strategy that decomposes each class into cohesive
core and dispersed boundary prototypes, enabling divide-
and-conquer likelihood matching for intra-class hetero-
geneity.

« Extensive experiments on three SSMIS benchmarks (LA,
ACDC, Pancreas-CT) demonstrate that TR-PC achieves
state-of-the-art performance with significant improve-
ments in boundary metrics (HD95).
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Fig. 1. Tllustration of the TR-PC framework. Labeled and unlabeled patches are processed by a shared backbone to extract multi-scale features. The TR-
Head refines these features into probabilistic embeddings, which are then adaptively partitioned into cohesive core and dispersed boundary prototypes using
uncertainty-driven decoupling. The model is encouraged to infer challenging boundaries via maximum likelihood response (p™®). Consistency regularization
(Lcon) and multi-scale deep supervision (L) are jointly optimized to ensure robust convergence under sparse supervision.

II. METHODOLOGY
A. Model Overview

Given labeled data D; = {(x;,y:)}'; and unlabeled data
D, = {w;}Y, with N,, > Nj, where x; € R?*W*D denotes
the 3D medical image and y; € {0, 1}¢*H*WxD denotes the
ground-truth mask, we propose a semi-supervised framework
as illustrated in Fig. 1. The framework adopts the Mean-
Teacher architecture with a student model and a teacher model
constrained by Exponential Moving Average (EMA). Training
is driven by supervised loss on labeled data and consistency
regularization on unlabeled data with strong augmentation.

The input 3D images are fed into an encoder-decoder
network to extract multi-scale features, which are then passed
to two complementary branches: (1) the conventional segmen-
tation branch with a main head S,, and deep supervision
heads S;, and (2) the probabilistic prototype branch for
uncertainty-aware prototype learning, detailed in the following
subsections.

B. Texture-Refined Probabilistic Representation

In existing methods, voxels are typically mapped into deter-
ministic point embeddings, which cannot explicitly quantify
predictive uncertainty and are susceptible to high-frequency

noise from 3D convolutions. Therefore, we model voxel rep-
resentations as probabilistic distributions to capture uncertainty
and suppress feature noise.

We model voxel representations as multivariate Gaussian
distributions to explicitly describe predictive uncertainty in
medical images:

= N(z;; p;, diag(a?)), (1)

where diag(o?) denotes the diagonal covariance matrix, the
mean vector p, represents the semantic position of the voxel
in feature space, and the variance vector o? quantifies the
aleatoric uncertainty.

To produce distribution parameters, we introduce the
Texture-Refined Probabilistic Head (TR-Head). Its mapping
process is defined as:

(pi,07) = Urr(£;;6), 2)

where 6 are the learnable parameters. TR-Head utilizes 1x1x 1
convolutions for dimension-balanced projection, followed by
3 x 3 x 3 convolutional blocks for local contextual modeling,
ensuring spatial continuity in uncertainty estimation. The vari-
ance branch adopts Softplus activation to ensure strict positive-
definiteness and smooth gradients.

p(zilx:)



When estimating class prototypes, traditional pixel-agnostic
averaging strategies are susceptible to interference from high-
uncertainty pixels. To this end, we adopt Bayesian estimation
to compute the prototype distribution center P, for class c:

-1

Z'GQ Wi b, 1 K

P.o=5 ' wi=|=) olp+e] , 3
Zieﬂcwi K; ’

where (). denotes the set of voxels belonging to class ¢, w; is
the confidence weight computed based on variance, and € is
a small constant. This mechanism assigns greater weights to
high-confidence pixels, establishing robust feature beacons.

C. Uncertainty-Driven Dual-Prototype Learning

Traditional single-prototype representations model each
class as a single distribution, ignoring intra-class heterogeneity
in medical images. Specifically, organ core regions exhibit
stable features and high confidence, while boundary regions
show high uncertainty due to anatomical transitions. Therefore,
we decompose class centers into cohesive core prototypes and
dispersed boundary prototypes.

We establish a discrimination criterion based on the average
variance 6? = % 2521 0142, i for each voxel, where K is the
feature dimension. Using the median threshold 7 within the
current batch, we partition the voxel set {2 into a core subset
Q" = {i € Q.62 < 7} and a boundary subset Q% = {i €
Q.62 > 7}. Following the Bayesian estimation framework
in PPC [30], we estimate each sub-prototype distribution as
P ~ N(u™, diag((o™)?)) for m € {in,bd}:
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where w; = (07 + €)~! is the precision-based confidence

weight, and € is a small constant for numerical stability.
This formulation assigns higher weights to high-confidence
voxels, while the prototype variance (o”)? inversely reflects
the aggregated precision of observations.

To measure the proximity between voxel distributions and
prototype distributions, we define a log-likelihood match-
ing operator. Given a voxel-level random variable z; ~
N (w;,diag(o?)) and a sub-prototype P™, the similarity is
computed as:
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where f1; ,, 07, are the voxel distribution parameters in the k-
th feature dimension, and /ﬂg?k, (O'(Tk)Q are the corresponding
prototype parameters. Based on this, we define the similarity
between voxel ¢ and class ¢ as the Maximum Likelihood
Response (MLR):

S¢= max L(z;,P]").

mée{in,bd}

(6)

Finally, the predictive probability that voxel x; belongs to class
c is given by:

exp(Sy/T
i = ) = = 2O

Zj:l exp(Sf /T) 7

where T is the temperature hyperparameter.
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D. Overall Objective

For each sample from D; or D,, we obtain multi-branch
predictions through the shared backbone network and func-
tional heads:

®)

where Pred,,,i, is the main segmentation output, Predys denotes
the deep supervision output for multi-scale gradient guidance,
and P, is the dual-prototype probabilistic prediction. For
labeled data, we define the supervised loss as:

{Predmain, Predgs, Pp} = F(x;;6),

ESUP = £86g (Predmain’ Yi) + ‘Cds (PreddSa yi) + ‘Cproto(Ppa yi)a
)
where L, and Ly, are the segmentation and deep supervision
losses, and Lpo0 aggregates the negative log-likelihood in (5)
over all voxels. For unlabeled samples, we formulate the
unsupervised loss using a reliability mask based on average

predictive variance 5% = b5 >, lo?|:

ACunsup = H4(6'2 < '7) : [é(Predmaim yu) + E(va yu)] )

(10)

where J(-) is the indicator function with threshold ~, £(-) is
the average of cross-entropy and Dice loss, and y, denotes
the pseudo-labels generated by the teacher model. Finally, the
overall optimization objective is:

L= »Csup + )\(t)»cunsupa (11)

where A(f) is the time-dependent consistency weight that
gradually increases during training, with specific schedule
determined empirically for each dataset.

ITII. EXPERIMENTS
A. Datasets and Implementation Details

To evaluate the effectiveness of the proposed TR-PC,
we conduct experiments on three widely used medical im-
age segmentation datasets: LA [14], Pancreas-CT [23], and
ACDC [15]. The data splits strictly follow the common
experimental protocols [9], [13], [25].

For 3D datasets (LA and Pancreas-CT), we use V-Net [4] as
the backbone; for the 2D dataset (ACDC), we use U-Net [1].
We employ deep supervision with auxiliary heads at three
decoder levels with loss weights of 0.5, 0.25, and 0.125. We
train for 18k iterations on 3D datasets and 30k iterations on the
2D dataset, using the SGD optimizer with an initial learning
rate of 0.01 and a Poly learning rate scheduler. Random flip-
ping, rotation, and cropping are used as weak augmentation,
while CutMix [16] is applied as strong augmentation. During
training, LA scans are cropped to 112x112x 80, and Pancreas-
CT scans to 96 x 96 x 96. For ACDC, we perform slice-by-slice



TABLE I
QUANTITATIVE COMPARISON ON THE LA DATASET. V-NET (ALL)
DENOTES THE FULLY SUPERVISED UPPER BOUND.

\ Scans used (Labeled / Unlabeled)

Method | 8(10%)/72(90%) | 16 (20%) / 64 (80%)

| Dicet Jct 9SHDJ ASD||Dicet Jet 95HDJ ASD
V-Net (All) [ 91.14 83.82 575 152 |91.14 8382 575 1.52
V-Net [4] 79.99 68.12 21.11 548 |86.50 76.30 1020 3.50
DTC [9] 84.55 7391 1380 3.69 [84.55 7391 13.80 3.69
URPC [19] | 8337 7199 17.91 441 |8337 7199 17.91 4.4
SS-Net [12] | 86.56 76.61 1276 3.02 |86.56 76.61 1276 3.02
CAML [22] [89.62 8128 876 2.02 |89.62 8128 876 2.02
UniMatch [24] 89.09 80.47 12.50 3.59 |89.09 80.47 12.50 3.59
BCP [25] 89.55 8122 7.10 1.69 [89.62 8131 681 1.76
TraCoCo [26] | 89.29 80.82 6.92 228 |90.94 8347 549 1.79
MLRPL [27] |89.86 81.68 6.91 185 |91.02 83.62 578 1.66
Ours 90.70 83.06 637 172 | 9177 84.60 542 1.59

TABLE II

QUANTITATIVE COMPARISON ON THE ACDC DATASET. U-NET (ALL)
DENOTES THE FULLY SUPERVISED UPPER BOUND.

‘ Scans used (Labeled / Unlabeled)

Method 7 (10%) / 63 (90%)

| Dicet Jet 95HD|,  ASDJ)
U-Net (All) | 9144  84.59 430 0.99
U-Net [1] 7999 6811 9.35 2.70
URPC [19] | 83.10 7241 484 153
SS-Net[12] | 8678  77.67 6.07 1.40
DMD [28] 8752 78.62 4381 1.60
BCP [25] 88.84  80.62 3.98 1.17
PPC [30] 8920 80.99 2.83 0.90
URCA [31] | 87386 - 421 136
Ours 89.56  82.03 2.30 0.73

inference with crops of 256 x 256 and stack the 2D predictions
to reconstruct the 3D volume.

For pseudo-label generation on unlabeled data, TR-Head
maps features to a 64-dimensional probabilistic space. The per-
centile threshold  for the reliability mask is set to 95%. The
time-dependent consistency weight A(¢) increases from 0 to 2
via a sigmoid ramp-up schedule. Prototypes are frozen after
10,000 iterations to prevent feature drift. During inference, a
Gaussian-weighted sliding window strategy is used, with stride
fixed at 18 x 18 x 4 for LA and 16 x 16 x 4 for Pancreas-
CT. Evaluation metrics include Dice coefficient (Dice), Jaccard
index (Jac), 95% Hausdorff distance (95HD), and average
surface distance (ASD). All experiments are conducted on an
NVIDIA 3090 GPU with a fixed random seed.

B. Comparison with State-of-the-Art Methods

We comprehensively compare the proposed TR-PC with a
series of state-of-the-art semi-supervised segmentation meth-
ods [11], [13], [25].

LA dataset (Table I). With 10% labeled data, TR-PC
achieves 90.70% Dice and 6.37 95HD, outperforming ML-
RPL [27] and BCP [25]. With 20% labeled data, its Dice

TABLE III
QUANTITATIVE COMPARISON ON THE PANCREAS-CT DATASET. V-NET
(ALL) DENOTES THE FULLY SUPERVISED UPPER BOUND.

‘ Scans used (Labeled / Unlabeled)

Method
etho | 6 (10%) / 56 (90%)

| Dicet Jet 95HD,  ASDJ}
V-Net (All) 77.84 6478 8.92 3.73
V-Net [4] 4256 3671 42,61 11.68
DTC [9] 59.54 4561 16.53 312
MC-Net [10] 69.07 5436 14.53 228
MC-Net+ [11] | 7000  55.66 16.03 3.87
UniMatch [24] | 6990  55.13 12.94 3.56
RCPS [29] 76.62 - 16.32 3.01
TraCoCo [26] 7922 66.04 8.46 2.57
Ours 80.31  67.54 7.34 277

TABLE IV

ABLATION STUDY OF THE CORE COMPONENTS IN THE PROPOSED TR-PC
FRAMEWORK. v INDICATES THE MODULE IS UTILIZED. TH:
TEXTURE-REFINED HEAD, DP: DUAL-PROTOTYPE DECOUPLING, DS:
DEEP SUPERVISION.

Module Metrics
TH DP DS Dice?t Jact 95HD| ASDJ|
v 88.14 79.79 6.89 1.95
v v 88.95 81.95 7.64 1.79
v v 89.43 81.48 6.73 1.81
v v 89.11 80.93 7.55 1.92
v v v 90.70 83.06 6.37 1.72

further improves to 91.77%, 0.83% higher than the 2024 work
TraCoCo [26]. The performance gain is attributed to the dual-
prototype decoupling strategy’s targeted modeling of uncertain
regions.

ACDC dataset (Table II). In the 2D multi-class task, TR-
PC achieves 89.56% Dice and 2.30 95HD. The significant re-
duction in 95HD and ASD metrics demonstrates the smoothing
effect of the texture refinement mechanism in handling com-
plex inter-slice boundaries, reducing isolated mis-segmentation
regions.

Pancreas-CT dataset (Table III). In the low-contrast pan-
creas segmentation task, TR-PC achieves 80.31% Dice with
10% labeled data, a 1.09% improvement over TraCoCo [26],
validating that uncertainty-driven representation learning can
enhance the model’s semantic discrimination capability at
highly challenging tissue boundaries.

C. Further Analysis

Ablation study of TR-PC components. We first evaluate
the effectiveness of each core component in TR-PC as shown
in Table IV. Here, TH, DP, and DS denote the Texture-Refined
Head, the Dual-Prototype Decoupling strategy, and the Multi-
scale Deep Supervision, respectively. With TH alone, the
model achieves 88.14% Dice on the LA dataset by effectively
suppressing convolutional noise. When TH is combined with



SS-Net

CAML

TG B |

Ours GroundTruth

Fig. 2. Visualization examples of several semi-supervised segmentation methods with 10% labeled data and ground truth on the LA dataset.
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Fig. 3. Impact of the embedding dimension K on the segmentation perfor-
mance (Dice) under 5% and 10% labeled settings on the LA dataset.

DP, the Dice score improves by 0.81%, validating the ad-
vantage of the ”divide-and-conquer” mechanism in modeling
intra-class heterogeneity. Furthermore, the integration of DS
provides additional multi-scale gradient guidance, which sig-
nificantly stabilizes the training process and facilitates conver-
gence. The combination of all three components yields the best
comprehensive performance, demonstrating their synergistic
effect in capturing both global anatomical structures and local
boundary details.

Qualitative segmentation results. We present qualitative
comparisons with state-of-the-art methods on the LA dataset
in Fig. 2. The blue circles highlight challenging regions where
TR-PC demonstrates clear advantages. Specifically, compared
with DTC [9] and SS-Net [12], our method reduces incomplete
segmentation and fragmented regions (rows 1-2). Further-
more, compared with CAML [22], TR-PC achieves superior
boundary delineation in ambiguous regions (row 3). These

1|=0= & Labeled (10%)
== 16 Labeled (20%)

T T T T T T T
19 28 37 46 55 6:4 73 82 91
Split Ratio (Core : Boundary)

Fig. 4. Impact of different core-boundary split ratios on the segmentation
performance (Dice) under 5% and 10% labeled settings on the LA dataset.

improvements validate the effectiveness of uncertainty-driven
dual-prototype learning in modeling intra-class heterogeneity
and handling challenging anatomical structures.

Impact of feature dimensionality. As TR-Head maps fea-
tures to the probabilistic space, we investigate 5 dimensional
choices: 16, 32, 64, 128, 256 dimensions. Results are shown
in Fig. 3. Compared with 16 dimensions, all other dimensions
significantly outperform it, highlighting the importance of
sufficient representation capability. 64 and 128 dimensions
exhibit similar performance, with 64 dimensions slightly bet-
ter, demonstrating the robustness of the proposed method.
Considering the balance between computational efficiency and
representation depth, all experiments adopt the 64-dimensional
strategy.

Impact of different split ratios. We evaluate the impact
of different core-boundary split ratios in Fig. 4. Overall, TR-
PC is relatively stable for the split ratio. For ratio settings,



only extreme splits (3:7 or 7:3) lead to slight Dice drops. This
may be attributed to extreme imbalance: the under-sampled
prototype becomes unstable under limited supervision, while
the over-sampled one absorbs excessive heterogeneous sam-
ples beyond its semantic scope, both degrading modeling.
The model achieves the highest Dice at 5:5, and we use this
value in all experiments. This stability is attributed to the
reliability mask pre-filtering noisy voxels, ensuring robustness
of prototype estimation.

IV. CONCLUSION

In this work, we propose TR-PC to enhance the robust-
ness of semi-supervised medical image segmentation through
texture-refined probabilistic representation and dual-prototype
decoupling. TR-Head suppresses high-frequency noise in 3D
convolutions via local context modeling, while the dual-
prototype strategy explicitly decomposes semantic categories
into cohesive and dispersed prototypes, achieving a “divide-
and-conquer” approach for stable structures and ambigu-
ous boundaries. Extensive experiments on three authoritative
benchmark datasets (LA, ACDC, Pancreas-CT) demonstrate
that TR-PC significantly outperforms existing state-of-the-art
methods in metrics such as Dice and 95HD, fully validating
its effectiveness and robustness in extremely sparse annotation
scenarios.
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