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Abstract—Pheochromocytoma is a rare urological
adrenal tumor disease. Automated segmentation of
pheochromocytomas from computed tomography (CT)
is essential for diagnosis and treatment. However,
this task is a challenging one due to issues such as
blurred boundaries, irregular shapes, variations in
location and size, and the lack of annotated images
for training. To address these issues, we propose a
semi-supervised framework for pheochromocytoma
segmentation that primarily consists of a dynamic
uncertainty rectification mechanism and a supervised
strategy based on SAM-Med3D prior knowledge. First,
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we design a semi-supervised segmentation model
comprising a shared encoder and multiple independent
decoders that dynamically select pseudo labels from
the different decoder outputs. To mitigate the risk of
unreliable predictions caused by sparse annotations during
training, we introduce uncertainty estimation to prioritize
reliable outputs. Additionally, an Attentional Convolution
Block (ACB) is designed in the encoding stage to fully
utilize both global and local features, improving tumor
recognition in segmentation. Furthermore, SAM-Med3D
prior knowledge is incorporated into the framework as
supplementary supervisory information, aiding the model
in learning from limited labeled data. To eliminate the
labor-intensive requirement for manual prompts in SAM-
Med3D, we leverage pseudo labels to generate high-quality
mask prompts, thus transforming the clinical workflow.
Experiments on two datasets of pheochromocytoma from
different centers demonstrate that our proposed method
produces competitive performance.

Index Terms— Pheochromocytoma segmentation, semi-
supervised learning, dynamic rectification, uncertainty es-
timation, SAM-Med3D.

[. INTRODUCTION

HEOCHROMOCYTOMA is a rare neuroendocrine tu-

mor with an annual incidence of approximately 0.8 per
100,000 people. Precise diagnosis and timely surgery can
prevent tumor progression and metastasis, thereby reducing
mortality [1]. However, the clinical diversity of pheochro-
mocytomas makes diagnosis challenging for physicians. And
pheochromocytomas are often located in abdominal region,
surrounded by multi-organ anatomical structures. Tumor dete-
rioration and enlargement can easily invade adjacent organs,
further increasing the risk of surgery. Therefore, accurate
contouring of pheochromocytomas from medical images is
crucial for clinical diagnosis and surgical planning. Further-
more, annotating 3D pheochromocytoma data for fully su-
pervised training is a time-consuming and costly task. This
constraint has sparked interest in semi-supervised learning
(SSL) methods that exploit large amounts of unlabeled data
to improve model performance.
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(d)

Fig. 1. CT scan of the pheochromocytoma and its surrounding abdom-
inal organs, with pheochromocytoma in the red box. (a) (b) shows the
different abdominal locations where the pheochromocytoma is located,
(c) and (d) show the variation in the size of the pheochromocytoma
and its association with the surrounding organs. In addition, there is
significant grey level variation within the pheochromocytoma in (a).

The current semi-supervised learning (SSL) methods mainly
use two types of strategies to deal with medical image segm-
entation tasks: one is consistency regularization, such as the
Mean Teacher (MT) framework, which ensures model output
invariance against input perturbations through collaborative
optimization between student-teacher networks. However, its
reliance on exponential moving average (EMA) for teacher
network updates inherently accumulates cognitive biases, espe-
cially in the gray similar regions of tumors and abdominal or-
gans. The second is the pseudo-label strategy, which leverages
models trained on limited labeled data to generate supervisory
signals for unlabeled samples, followed by retraining the
model with labeled data and supervisory signals. Although
this expands the training corpus, it is easy to introduce a
large number of noisy pseudo-labels in the scenario of low an-
notation rate. Moreover, the model performs self-rectification
based on pseudo-labels, and such a learning paradigm that
relies on internal supervisory signals tends to make the model
acquire conservative information, thereby resulting in a state
of stagnation.

In addition, the inherent properties of pheochromocytoma
make automated segmentation challenging. First, tumor size
varies greatly with the severity of pheochromocytoma. A small
tumor lesion may contain very few voxels, while a large tumor
can take a large body space, leading to a class imbalance
problem. Second, tumors are not fixed in location. They appear
in various areas of the abdomen and often have a complex
spatial distribution. Third, tumor morphology is highly varied,
smaller tumors are frequently homogeneous, whereas larger
tumors may be heterogeneous in grayscale and exhibit central
necrosis, which can lead to under-segmentation. Moreover, the
proximity of tumors to abdominal organs may cause models
to misinterpret the morphological variations of these organs
as tumor boundaries and incorrectly segment them as part of
the tumors, resulting in over-segmentation. These challenges,
along with low soft tissue contrasts in abdominal CT im-
ages, further exacerbate the difficulty of pheochromocytoma
segmentation. Fig. 1 shows four example CT scans with a
pheochromocytoma, which demonstrates characteristics of the
pheochromocytoma.

In the existing work, Tang et al. [2] formulated an adaptive
energy function to achieve pheochromocytoma segmentation.
This is a traditional method due to its manual parameter tuning
operation. Wang et al. [3] transferred fingerprint information
from target domains to source domains in training a model for

abdominal multi-organ and pheochromocytoma segmentation,
but pheochromocytoma labels are still required for supervi-
sion. Oluigbo et al. [4] adopted a weakly supervised approach
to detect pheochromocytomas in CT images through a proxy
segmentation task. The task focuses on obtaining the approxi-
mate location of the pheochromocytoma rather than pixel-level
segmentation. Santra et al. [5] utilized information about the
anatomical location of tumors to identify pheochromocytoma
genetic clusters. Overall, very few deep learning methods have
showcased their effectiveness in pheochromocytoma segmen-
tation.

The recently introduced new AI model, SAM [6], has
received significant attention thanks to its ability of utilizing
prompts to generate fine-grained segmentation masks. Several
studies [7] have made notable progress in employing SAM for
medical image segmentation, with SAM-Med3D [8] being a
representative work among them. It abandons SAM’s inher-
ent 2D architecture and instead processes 3D medical data
directly. Extensively trained on large-scale medical datasets,
SAM-Med3D efficiently segments medical images with only
prompts. Considering SAM-Med3D’s feature extraction capa-
bilities, we propose utilizing its prior knowledge to enhance
semantic feature representation for assisting pheochromocy-
toma segmentation. However, SAM-Med3D relies on manual
prompt, and generating prompts requires expertise that is often
inaccessible to non-specialist users, which reduces the utility
of prompt-based approaches.

To address these issues, we propose a semi-supervised
framework for pheochromocytoma segmentation, which con-
sists primarily of a semi-supervised segmentation model and
SAM-Med3D. Following [9], the semi-supervised segmenta-
tion model is a V-Net-based [10] model comprising a shared
encoder and multiple independent decoders. In view of the in-
trinsic characteristics of pheochromocytomas that make target
feature extraction difficult, we designed an Attentional Convo-
lution Block (ACB) within the encoding stage of the model.
The ACB fully leverages captured local and global information
to accurately localize the region of interest, enabling the model
to distinguish the tumor from surrounding organs. Addition-
ally, we developed a dynamic uncertainty rectification mech-
anism to optimize the rectification process. Specifically, the
optimal feature representation is initially selected as a pseudo
label from multiple decoder outputs. Subsequently, uncertainty
estimation is applied to emphasize reliable information and
reduce noise in the pseudo labels. Furthermore, we propose a
supervised strategy based on SAM-Med3D prior knowledge to
enhance the utilization of unlabeled data, achieved by directly
leveraging SAM-Med3D pre-training weights. In response to
the manual prompt requirements of SAM-Med3D, we intro-
duce a method for filtering pseudo labels to generate high-
quality mask prompts, thereby eliminating the prompt require-
ments of labour-intensive pheochromocytoma annotations.

In summary, our work contributes the following:

e An innovative segmentation framework combining a
semi-supervised segmentation model with SAM-Med3D
is developed to efficiently integrate SAM-Med3D’s prior
knowledge in pheochromocytoma segmentation. More-
over, SAM-Med3D utilizes pseudo labels generated by
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the semi-supervised model as prompt information, elim-
inating the need for labor-intensive manual prompts.

o In strengthening the rectification capacity of pseudo
labels, a dynamic uncertainty rectification mechanism
is proposed in the framework, which first dynamically
selects pseudo labels from multiple decoder outputs, and
then incorporates uncertainty estimation to emphasize
reliable information, thereby improving the framework’s
ability to perceive pheochromocytoma. Additionally, an
attention convolution block was designed to focus the
semi-supervised segmentation model on the region of
interest. As a result, the segmentation performance is
significantly enhanced.

o The experimental results on two independent private
pheochromocytoma datasets consistently validate that
our method outperforms state-of-the-art semi-supervised
approaches, thereby showcasing its robust and reliable
capability in real-world scenarios.

[I. RELATED WORK
A. The SAM in Medical Imaging

The Segment Anything Model (SAM) [6], which consists of
an image encoder, a prompt encoder, and a mask decoder, has
demonstrated significant segmentation advantages in a variety
of scenarios. Chen et al. [11] used accurate masks extracted
from SAM output to guide the training of student models,
alleviating the noise impact in semi-supervised referring ex-
pression segmentation. Liu et al. [12] proposed using SAM to
generate pseudo labels for remote sensing segmentation.

The introduction of SAM into medical image segmentation
represents a significant research topic. Zhang et al. [13]
proposed a novel iterative pseudo label correction based on
the SAM framework to facilitate source-free domain adapta-
tion medical image segmentation. Siblini et al. [14] explored
prompt based medical image segmentation strategies in SAM
under few sample and weakly supervised scenarios. Ma et al.
[15] demonstrated the potential of SAM in the field of medical
images by training SAM using bounding box prompts. Given
that SAM is a 2D structure, a slice-by-slice approach is fre-
quently employed in the processing of volumetric images. This
approach fails to consider the contextual relationships between
slices, which ultimately leads to suboptimal performance [16].
Some researchers have achieved 2D to 3D adaptation by
freezing 2D layers and training 3D adapters, thereby enabling
SAM to learn from 3D images [17]. Nevertheless, the intrinsic
limitations of the 2D structure continue to constrain the appli-
cability of SAM to 3D images. In response to this challenge,
Wang et al. [8] proposed a novel approach, SAM-Med3D,
which employs 3D medical images directly in the training and
fine-tuning of SAM, thereby enabling it to achieve remarkable
performance in the processing of contextual information.

In addition, manual prompt is a limitation of SAM, which
diminishes the utility of SAM. To solve this, Li et al. [18]
developed a lightweight model to replace SAM’s original
prompt encoder, training the feature map output from the
adapter as prompt. Chen et al. [19] generated high-quality

prompts by fusing multi-scale features from the image encoder.
Although these methods automatically generate prompts, they
still bring several problems, including: 1) the prompt generated
by SAM’s image encoder may contain noise, which can
lead to incorrect segmentation guidance; 2) the input to the
mask decoder is essentially taken from SAM’s image encoder,
exacerbating the learning of conserved information, which
could make the mask decoder susceptible to overfitting; 3) the
prompt generator is designed to be trainable in order to learn
from various modes of image, which requires an additional
computational load. In this paper, we propose utilising pseudo
labels as prompts, which avoids the need for additional com-
putation and ensures that the prompts do not originate from
the image encoder in SAM.

B. Semi-Supervised Medical Image Segmentation

Popular semi-supervised methods can be grouped into two
main categories: pseudo labeling and consistency regular-
ization. Pseudo labeling methods are employed to generate
pseudo labels for unlabeled data, thereby expanding the train-
ing dataset. Lee et al. [20] proposed to use outputs from the
fully supervised segmentation model as pseudo labels. How-
ever, simple pseudo-labelling introduce noise effects to the
training. To solve this, Sohn et al. [21] employed a threshold
for the filtering of pseudo-labels with high confidence, thereby
reducing the mislabelling rate. Additionally, Zhao et al. [22]
propose to rectify pseudo supervision by prediction uncertainty
estimation and consistency regularization to mitigate the im-
pact of noise. These methods have significantly improved the
quality of the pseudo labels. In terms of consistency regular-
isation, the objective is to encourage the model to produce
outputs that are consistent with the inputs. For instance, MT
[23] optimises the model by imposing consistency constraints
on the predictions derived from both the original and perturbed
samples. Luo et al. [24] introduced a dual-task consistency
between the directly predicted segmentation map and the
segmentation map derived from the level set. Furthermore, Wu
et al.[9] enhanced the model’s capacity to segment challenging
regions by reinforcing the consistency of learning among the
three decoders.

It is noted that there exist some other methods utilizing
unlabeled data. Xu et al. [25] presents an ingenious approach
to integrating deep reinforcement learning (DRL) and gen-
erative adversarial networks (GANSs) in a unified pipeline,
thereby optimising both detection and segmentation tasks.
[26] adopted entropy minimisation for segmentation maps of
unlabeled data to improve reliability. Furthermore, uncertainty
estimation [27], [28], [29] is generally used to improve model
confidence.

C. Attention Mechanism

In the field of medical image segmentation, convolutional
neural networks (CNNs) incorporating attention mechanisms
have demonstrated superior feature extraction capabilities
[30]. Zhong et al. [31] proposed the Polarized Multi-scale
Feature Self-attention (PMFS) block, which captures global
contextual features, thus enabling the effective handling of
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Fig. 2.

Pseudo-

Overview of the proposed DUR-Net+ framework, which consists of a frozen SAM-Med3D branch and a semi supervised model DUR-

Net. Specifically, both labeled and unlabeled data are input into DUR-Net simultaneously. SAM-Med3D is a universal model that only processes
unlabeled data. In the prediction of multiple decoders, the optimal decoder is selected by comparing the loss values of labeled data, and then the
pseudo labels generated by the optimal decoder are self-rectified by the model. In this process, uncertainty estimation is introduced to emphasize
the reliable parts of the pseudo labels. This is the dynamic uncertainty rectification process in DUR-Net. In addition, to compensate for the insufficient
self-rectification ability of the DUR-Net, additional supervision information is generated using the prior knowledge of SAM-Med3D to guide DUR-Net.
In order to improve the attention to the target tumor area, we also designed attention convolution blocks (ACB, including ACB-H and ACB-L) in the
encoding stage of DUR-NEet for extracting local and global features. The details related to ACB are shown in Fig. 3 and Fig. 4.

challenges such as low contrast, irregular lesion shape, blurred
boundaries, and metal artefacts in images. Azad et al. [32]
employed deformable convolution in conjunction with large
kernel attention in order to enhance the capacity to capture
objects with irregular shape and size features. The DA-Block
[33] integrates position-based and channel-based components,
enabling the learning from disparate perspectives and thus
facilitating more accurate and detailed feature extraction.

In contrast to the aforementioned approaches that employ
self-attentive blocks, we propose a more efficient methodology
for capturing location information, with the aim of enhancing
the feature representation of the network. In consideration
of the variability in feature resolution that occurs during the
encoding phase, we have devised two distinct Attentional
Convolution Blocks, which permit the flexible extraction of
features at varying scales.

I, METHODOLOGY

In semi-supervised segmentation, we assume n labeled
images denoted as D; = { (2} ,y1),---, (2}, ,yn) }, where y;

is the label for xﬁ Also, there are m unlabeled images denoted
as D, = {z} ,--- ,z }, where n < m. The objective of
semi-supervised segmentation is train a robust segmentation
model with the joint exploration of the labeled and unlabeled
data.

An overview of the proposed framework named DUR-Net+
is depicted in Fig. 2 , which consists of a semi-supervised
segmentation model, named DUR-Net, and the SAM-Med3D
branch. DUR-Net includes a shared encoder and multiple in-
dependent decoders. The shared encoder fy, and each decoder
form a sub-model, can be defined as follows:

fOiub:f9e®f%,i€17,__,n (1)

where each sub-model is a standard encoder-decoder architec-
ture like V-Net, as shown in Fig. 3. Considering the efficiency,
n is set to 3 in this paper. The three sub-models differ only in
their upsampling methods, which are set as transposed convo-
lution, linear interpolation, and nearest-neighbor interpolation,
respectively. This design enhances the diversity within the m-
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Fig. 4. The Attentional Convolution Block has two variants: ACB-H
for processing high-resolution features and ACB-L for processing low-
resolution features.

odel. Apart from this, the network layer structures of all sub-
models remain consistent.

To mitigate the interference caused by blurred boundaries,
irregular shapes, and low contrast, we designed an Attentional
Convolution Block (ACB) in the encoding phase of DUR-
Net. This block enhances the learning of global and local
features through targeted processing of features at different
resolutions, improves the model’s ability to focus on tar-
get regions. Furthermore, to fully utilize unlabeled data, we
proposed a dynamic uncertainty rectification mechanism in
DUR-Net. Specifically, by real-time comparison of the outputs
of three independent decoders, the decoder with the best
performance is selected to generate pseudo-labels for model
self-rectification. Then, an uncertainty estimation mechanism
is introduced to emphasize highly reliable information in
pseudo-labels, thereby reducing noise interference.

In addition to model self-rectification, we further intro-
duced additional supervisory information to strengthen the
rectification effect, which is achieved by integrating prior
knowledge from SAM-Med3D. The pre-trained data of SAM-
Med3D covers various abdominal organ structures such as
kidneys and liver, and its 3D feature extraction capability can
capture anatomical information around pheochromocytomas,
providing the model with additional spatial structure super-
visory signals. This mechanism can effectively compensate
for potential semantic ambiguity of the dynamic rectification
mechanism in complex boundary scenarios, ultimately improv-
ing the segmentation performance of the model. In response to
the deficiency of manually providing prompt information for
SAM-Med3D, we cleverly utilize the pseudo labels generated
by DUR-Net as mask prompts, which can be achieved without

introducing additional calculations.

A. Attention Convolution Block (ACB)

In the pheochromocytoma segmentation, the presence of
blurred boundaries, irregular shapes, and low contrast can lead
to inaccurate judgement of the boundary between the tumor
and surrounding organs. We need to introduce a mechanism
to focus on the region of interest, so as to ignore the influence
of irrelevant areas. In this paper, we design an Attention
Convolution Block (ACB) that enables the framework to cope
with variations in tumour size, shape and location.

The ACB appears at the beginning of each stage of the
encoder and receives the output (or input image) of the
previous stage as input. As shown in Fig.4, there are two
variants of ACB, ACB-H applied at high resolution and ACB-
L applied at low resolution. Let F' € RC*WxHXD apq
F e ROXWxHXD represent the input and output feature
maps of ACB respectively, W x H X D denotes the
spatial dimensions. The ACB-H initially processes feature
map F' through convolutional layers with kernel sizes of
1 and 3, respectively. Each convolution is followed by a
batch normalization layer and a ReLU activation layer. This
sequence allows the model to learn tumor features across
varying receptive fields, enhancing local feature representation.
Next, a downsampling layer reduces the resolution of the
feature maps, followed by pointwise convolution to map
interactions between channels. This step not only strengthens
the correlation between channels but also improves the model’s
ability to capture global contextual information and establish
dependencies between distant features. As a result, the model
is better equipped to detect complex tumors at a larger scale.
Afterward, the feature resolution is restored using upsampling
to generate "/, which is passed through a Sigmoid activation
function to produce the attention coefficient «. In this work,
downsampling is performed using an average pooling layer
with a stride and kernel size of 2, while upsampling is achieved
via trilinear interpolation. The resulting attention coefficients
are then multiplied with the original feature map F’ to increase
the network’s attention to the region of interest. After assigning
different attentional weights to all voxels in F, they are
summed with F to obtain F, as expressed by the formula:

F=(1+a)F. )
However, at the bottleneck of the segmentation network, the
feature map resolution becomes very low. Continuing to utilize
ACB-H may lead to the loss of significant high-level semantic
features. To address this, we propose ACB-L, a variant of
ACB-H. In ACB-L, the downsampling and upsampling layers
are removed, while the remaining operations remain consistent
with those of ACB-H.

B. Dynamic Uncertainty Rectification

Generating pseudo labels for unannotated images has proven
to be an effective strategy in semi-supervised medical image
segmentation [20]. The critical challenge lies in improving
the quality of these pseudo labels, as using low-quality ones
for rectification can severely degrade the model’s performance
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[34]. A commonly used approach is to select the best per-
former among multiple options as the pseudo label, filter-
ing out outputs with sub-optimal performance. For instance,
Wang et al. [35] evaluated the performance of sub-networks
using labeled data, and the most effective sub-network was
subsequently used to generate pseudo labels. Wu et al. [36]
compared the prediction results of peer networks and selected
pixels with the highest probability of being in the foreground
as pseudo labels. Although these strategies improve the quality
of pseudo labels to some extent, the lack of ground truth makes
pseudo labels still contain noise.

To address this, we propose a dynamic uncertainty rectifi-
cation mechanism aimed at further optimizing the rectification
process. The mechanism consists of two parts: first, selecting
the optimal feature representation from the various decoder
outputs as the pseudo label; and second, incorporating uncer-
tainty estimation to mitigate the impact of noise within the
pseudo label.

Algorithm 1 Dynamic Selection of Pseudo-label.

Require:
The set of labeled volumes for a batch:{z!, y'}
The set of unlabeled samples for a batch: {z*}
The Decoder : D1(-), Da(-), Ds()
The Dice loss function: Lg;c.(+)
Ensure:
The pseudo labels of unlabeled samples for a batch, y,

x4 {2t v}

s dicey < 0; diceg <— 0; dices < 0

(b, g8 < softmax(Dy(z))

0, 9% < softmax(Ds(x))

9k, 9% <« softmax(Ds(x))

for each y! € ' and §}; € 9} and g, € g4 and g5, €

j5 do
dice; <+ dicer + Lgice (g}iz,yi)
dicey < dices + Lyice (Qéz,yf)
dices < dices + Lygice (Qél, yi)

end for

if dicew < dices and dice; < dices
Yy < U7

elif dices < dice; and dices < diceg
Yp < U3

elif dices < dice; and dices < dices
Yy < U5

end if

return y,

W AW =

1) Dynamic selection of pseudo labels : Unlike approaches
that select pseudo labels across multiple sub-networks, our
method selects pseudo labels across multiple independent
decoder outputs that share the same encoder. This design
offers three key advantages. First, it reduces characterization
discrepancies that may arise from different network param-
eters at the encoder stage. Second, it introduces constraints
across different learners, preventing them from converging in
opposite directions. Third, the multi-decoder setting provides

diverse perspectives and different levels of information, help-
ing the model better understand intricate tumor characteristics
and reduce biases that may arise from relying on a single
branch.

Algorithm 1 describes the dynamic selection process for
generating pseudo labels. Following [35], we utilize Dice loss
to assess the performance of each decoder in real-time, select-
ing the best-performing branch as the pseudo label generator.
Note that the generator consists of a shared encoder and a
independent decoder. Dice loss is computed for each batch
of labeled data, facilitating the evaluation of each branch’s
performance in the segmentation task. We argue that the best-
performing branch is more reliable in processing unlabeled
data, making its predictions suitable as pseudo labels.

Throughout the training process, pseudo labels are not
generated by fixed branches; instead, each branch has the
opportunity to serve as a pseudo label generator. This design
enables each branch to leverage its unique strengths at different
training stages, thereby capturing diverse feature representa-
tions. When one branch excels in generating pseudo labels,
the others can be trained using these pseudo labels to further
improve their performance.

2) Uncertainty guided rectification : For the acquired pseudo
labels, we can use them to rectify the suboptimal decoder,
consistency regularization loss is used to implement this
process:

1 K
_ Dk |12
Ccr—?;llpz—P H27 (3)

where P, represents the pseudo labels, Pk represents the
output of the kth sub-optimal decoder, K is the number of sub-
optimal decoders and its value is set to 2. However, directly
using pseudo labels to participate in model rectification is
not optimal because without the guidance of ground truth
labels, pseudo labels may be unreliable and noisy, which can
affect model training. We propose to introduce uncertainty
estimation to emphasise reliable predictions. Inspired by the
[22] , KL divergence between the optimal decoder and sub-
optimal decoders is used as a measure of uncertainty:

Moy B Pk
Di =3 Pflog—, (4)
i=0 K

where DY denotes the KL divergence between the outputs
of the kth sub-optimal decoder and the optimal decoder, n,
indicates the number of voxels, P¥ denotes the prediction of
the ith voxel in the output of the kth suboptimal decoder, and
P; denotes the prediction of the ith voxel in the pseudo label.
For a given voxel i, a larger value D¥ indicates the prediction
for that pixel is far from the kpseudo label, i.e., with high
uncertainty. Then, we use e Di as the uncertainty factor to
adaptively adjust weight in the consistency regularization loss,
the uncertainty loss can eventually be expressed as follows:

1 k 2 1
r E —D7 § : k
— Lo + e D .
ue K i 16 ‘ 2 K 1 ‘ (5)

By introducing uncertainty estimation, voxels with lower un-
certainty are given a higher weight in the uncertainty loss,

P, — Pf
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while voxels with higher uncertainty are given a lower weight.
With this rectification, the model can learns more reliable
information and reduces the effect of noise. Following [28], we
incorporate the uncertainty term Zle D¥ into the constraints,
which can enhance the model’s robustness.

Furthermore, for the two suboptimal outputs, they originate
from different decoders, which generates perturbations at the
decoder level. By maintaining consistency between them,
the framework’s resilience to perturbations can be further
improved. We implement this constraint through the cosine
distance:

Econ =1- COS(pl,pg), (6)
cos(151 . ]52) = % @)
12,12l

Note that since the optimal decoder is not fixed, the suboptimal
decoder also has the same dynamic nature. This nature enables
flexible adjustment of the similarity limits between the de-
coders, which further promotes synergy between the decoders
and helps the model learn more complementary information.

C. Introducing prior knowledge of SAM-Med3D

The prior knowledge of the visual foundation model plays a
unique role in enhancing or supplementing semantic informa-
tion [37], [38]. For SAM-Med3D (8], it is able to recognize
a wide range of semantic representations due to the fact
that SAM-Med3D had been extensively trained on different
medical data and its semantic annotations cover a wide range
of anatomical structures. This rich prior knowledge enables
SAM-Med3D to provide more comprehensive information
when processing specific medical images, thus improving the
model’s ability to understand complex structures. Therefore,
we use SAM-Med3D as an additional supervised branch to
process unlabeled data using its prior knowledge. Specifically,
we pass the unlabeled pheochromocytoma data through SAM-
Med3D to get a valuable insight and use that insight as a
supervisory signal to rectify the framework:

K m
1 - Dk s
Esam = E ;;DZCB(P]- 7Pj ) (8)

where ]5;“ represents the prediction of the suboptimal decoder,
P? is the SAM-Med3D inference result. and m is the number
of unlabeled data.

Like models [6], [39] that require manual prompts, SAM-
Med3D also requires expert prompts. This reliance on manu-
ally generated prompts clearly hinders its clinical application.
In this paper, we use pseudo labels generated by the semi-
supervised segmentation model to generate prompts. Since
coarse segmentation contains noise, it needs to be filtered to
retain reliable prompts. Specifically, we select voxels with
larger foreground probability values in the pseudo labels;
higher foreground probabilities indicate that the correspond-
ing predictions are more reliable and play a greater role in
pheochromocytoma segmentation.

if P>T
otherwise

> Pi7
P = { 0, )
where T is the threshold to determine the high-quality mask
prompt, P; denotes the prediction of the pseudo-label on the
ith voxel. P; is the mask prompt information required by
SAM-Med3D. In this way, low-confidence voxels prone to
misclassification were filtered out, eliminating the need for
manual annotation.

IV. OVERALL LOSS FUNCTION

For training with labeled samples, we adopt a combination
of Dice loss [35] and Focal loss [40]:

£sup = aﬁdice + (1 - a)cfocal (]O)
Efocal = (1 - P>’Yﬁce (1])

where « is the coefficient to balance these two loss terms.
P is the prediction of decoder. The scaling factor (1 — P)”
reduces the contribution of easy pixels and focuses training on
hard ones. Whenever 7 is set to 0 the Focal loss will be equal
to the Cross Entropy loss.
The total training loss function of the network is computed
as follows:

‘Ctotal = Esup + )\lﬁuc + )\2£sam + Econ (12)

where A1 and )\, are used to balance the £, and L. It should
be noted that £, and L.,, were applied to both labeled and
unlabeled datasets.

V. EXPERIMENT AND RESULT ANALYSIS
A. Dataset and Preprocessing

The PUMCH-PHEO dataset was collected by Peking Union
Medical College Hospital and includes 100 abdominal CT
enhanced scan samples, all of whom are patients with ab-
dominal pheochromocytoma. The maximum diameter range
of the tumor is 1-16 cm, with 48 cases in the left abdomen
and 52 cases in the right abdomen. The annotation work
was independently completed by two radiologists with more
than 10 years of experience. The areas of disagreement were
arbitrated by the chief physician and finally reviewed by senior
experts. The average Dice coefficient between groups was
0.912. During the preprocessing process, the samples were
isotropically resampled to 1 x 1 x 1 mm3, with window
width and level adjusted to 255 Hu/127.5 Hu. Based on label
positions, they were cropped into 128 x 128 x 128 voxels (10-
20 voxels for edge axis/coronal plane extension, 5-10 voxels
for sagittal plane extension), and zero mean unit variance
normalization was performed.

The JCH-PHEO dataset is sourced from Jiangmen Central
Hospital and includes 128 abdominal CT samples with a
maximum tumor diameter range of 1.5-14 cm. The annotation
was completed by three radiologists, and the divergent areas
were arbitrated by the chief urologist. The initial inter group
Dice coefficient was 0.895, which was increased to 0.932
after arbitration. The preprocessing process is consistent with
PUMCH-PHEO dataset, including resolution resampling, win-
dow width and level adjustment, region of interest cropping,
and normalization.



IEEE TRANSACTIONS AND JOURNALS TEMPLATE

B. Experimental details and evaluation metrics

For all experiments, we adopted the SGD optimizer with
a learning rate 0.01 and a weight decay factor 0.0001 for
training. The batch size was set to 4, containing two labeled
data and two unlabeled data. The weights « was set to 0.5,
the loss coefficients A\; and )\, are time-dependent Gaussian
warming function [9], A(f) = Wmax - (517"
was set to 0.1. We applied the random cropping, rotation and
flipping as data augmentation and use the V-Net [10] archi-
tecture as backbone on all datasets. The total training iteration
tmax = 10k. During the testing phase, only the first decoder
output was used as the final prediction. All experiments were
conducted in the same environment with hardware comprising
an NVIDIA Quadro GV100 and software configured with
PyTorch 2.1.0 + CUDA 12.0. The random seed was set to
1337. For the evaluation metrics, following previous work
[35], [36], we use the Dice, Jaccard, Average Surface Distance
(ASD), and 95% Hausdorff Distance (95HD).

’ wmax

C. Results

We compare the proposed framework with the state-of-
the-art (SOTA) semi-supervised segmentation methods. These
methods include MT [23], UA-MT [41], EM [26], DTC [24],
URPC [28], MC-Net+ [9], ACMT [42]. Note that all groups
use the same training strategies and backbone model for fair
comparisons.

1) Performance on PUMCH-PHEO dataset: We present the
quantitative comparison results under three label ratios in
Table I. Compared to the baseline, the proposed DUR-Net+
achieves impressive improvement in all four metrics. Specifi-
cally, when trained with only 10% labeled data, Dice increases
from 32.64% to 83.36%, Jaccard boosts from 26.32% to
75.05%, 95HD drops from 19.14% to 6.82%, ASD drops from
7.35% to 2.49%. A similar situation is observed when the
framework is trained with only 5% or 20% of the labeled
data. The results demonstrate that the proposed framework
can effectively utilize unlabeled data to improve segmentation
performance. In comparison to the SOTA models, the proposed
DUR-Net+ also outperforms other comparison methods in
three semi-supervised settings, highlighting the superiority
of our method. We attribute this to three aspects: first, we
evaluate the pseudo labels generated by dynamic selection
so that voxels with higher reliability have greater weight
in rectification, thereby suppressing noise. Second, by using
pseudo labels as prompts, SAM-Med3D provides rich super-
vised information for semi-supervised segmentation models,
enhancing the exploitation of unlabeled data. Third, the feature
learning in ACB allows the framework to automatically focus
on regions of interest and reduce the influence of irrelevant
regions.

When SAM-Med3D was removed, DUR-Net also achieved
comparable results. In all settings, the proposed method yields
the best segmentation Dice, the best Jaccard, and the best
or second best HD95 or ASD performance. In contrast to
MC-Net+ [9], which converts all decoder outputs into pseudo
labels for rectification, the proposed method delivers more than
8% improvement in Dice and Jaccard metrics. Upon adding

SAM-Med3D, we found that regardless of the label ratio, the
most notable changes occurred in the 95SHD and ASD metrics.
For example, both 95SHD and ASD have been reduced by
more than 68% with 20% labeled data. This indicates the
strengthened capability of the framework to delineate tumor
boundaries. We analyze the reason for this: SAM-Med3D
prior knowledge is obtained by training on large-scale medical
datasets (including abdominal multi-organ data) with semantic
annotations covering a wide range of anatomical structures.
This gives DUR-Net+ an distinct advantage in distinguishing
pheochromocytoma and abdominal multi-organs. In contrast,
just learning the pheochromocytoma features does not help the
model to improve the segmentation of the boundary. As seen in
Table I, existing semi-supervised methods exhibited consistent
poor performance in both 95SHD and ASD metrics, suggesting
their predictions suffer from serious over-segmentation or
under-segmentation issues. We think that the close geometric
relationship between pheochromocytoma and surrounding ab-
dominal organs, causing weak boundary situations that affect
boundary judgment.

Fig.5 shows the visualization results of different methods
trained with 20% labeled data. In the first row of samples,
methods such as EM and UAMT failed to identify the target
region of pheochromocytoma completely due to the effect of
low contrast, and even URPC, which aggregates multi-scale
features, showed more serious over-segmentation.The MT and
ACMT methods, although showing better boundary segmenta-
tion, suffer from the problem of false positives. The DUR-Net+
method proposed in this paper, on the other hand, effectively
copes with the challenge of low contrast and achieves complete
segmentation of the target region. Compared with the first row
of samples, the degree of low contrast in the second row of
samples was reduced, and thus most methods achieved more
reliable segmentation results, with only the DTC method un-
derperforming. In the third row of samples, the close proximity
of the pheochromocytoma to the surrounding organs makes it
difficult for most methods to accurately identify and separate
the target region during segmentation. With the guidance
of SAM-Med3D, DUR-Net+ was able to effectively reduce
the occurrence of false alarms, while reaching a complete
segmentation of the target region and significantly alleviating
the weak boundary conflict problem. Overall, compared with
other semi-supervised segmentation methods, DUR-Net+ is
able to simultaneously overcome the challenges posed by
low contrast as well as interference from surrounding organs,
enhancing the segmentation of pheochromocytoma.

2) Performance on JCH-PHEQ dataset: Our method is fur-
ther evaluated on another central dataset with 10 and 20 la-
beled samples for semi-supervised training settings. As shown
in Table 2, the DUR-Net+ method proposed in this paper
still achieves significant improvements in all four metrics
compared to the current frontier models. Of interest, the
ACMT method still performs the best among the existent
methods and even outperforms DUR-Net in two coefficients,
Dice and Jaccard coefficients, at 10% setting, suggesting
that the focus on ambiguously challenging regions promotes
pheochromocytoma segmentation. In addition, compared to
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TABLE |
QUANTITATIVE COMPARISON OF THE SOTA SEMI-SUPERVISED METHOD WITH OUR METHOD ON THE PUMCH-PHEO DATASET.* DENOTES
ASTATISTICAL SIGNIFICANCE TEST BETWEEN OUR METHOD AND THE COMPARATIVE METHOD (P < 0.05). RED-COLORED AND BLUE-COLORED
VALUES CORRESPOND TO THE BEST AND 2ND BEST PERFORMING MODEL, RESPECTIVELY.

Method scans used Metrics Cost
Labeled Unlabeled Dice[%]7T Jaccard[%] 1T 95HD[voxel]| ASD[voxel]| Params.(M)

V-Net 4(5%) 0 30.85%* 24.80%* 27.50%* 11.59%* 9.45
V-Net 8(10%) 0 32.64%* 26.32% 19.14* 7.35% 9.45
V-Net 16(20%) 0 60.94* 50.69%* 14.18%* 5.55% 9.45
V-Net 80(All) 0 89.73 82.30 4.55 1.53 9.45
EM [26] 4(5%) 76 51.74%* 41.01* 27.53% 14.40%* 9.45
MT [23] 4(5%) 76 35.71%* 26.62%* 40.09 22.23% 9.45
UAMT [41] 4(5%) 76 44.67* 34.41%* 35.39* 14.13 9.45
DTC [24] 4(5%) 76 32.26%* 23.17* 40.80* 18.51%* 30.45
URPC [28] 4(5%) 76 40.72* 28.97* 41.04 20.15% 9.45
MC-Net+[9] 4(5%) 76 33.17* 25.46%* 32.22% 18.68 15.25
ACMT [42] 4(5%) 76 45.45% 35.51%* 37.96%* 19.65%* 5.89
DUR-Net 4(5%) 76 55.50 44.09 22.64 9.92 18.37
DUR-Net+ 4(5%) 76 74.77 64.36 6.83 2.80 18.37
EM [26] 8(10%) 72 55.15% 43.25% 23.57* 11.21°%* 9.45
MT [23] 8(10%) 72 52.08% 40.52* 31.20% 12.70 9.45
UAMT [41] 8(10%) 72 51.60%* 41.86* 25.94%* 12.01%* 9.45
DTC [24] 8(10%) 72 49.07* 37.48%* 16.75%* 6.34% 30.45
URPC [28] 8(10%) 72 50.06* 36.56* 36.07* 15.76 9.45
MC-Net+[9] 8(10%) 72 64.30* 54.66%* 26.39* 10.42%* 15.25
ACMT [42] 8(10%) 72 65.94 54.80 25.38* 5.92% 5.89
DUR-Net 8(10%) 72 73.63 63.30 14.81 6.00 18.37
DUR-Net+ 8(10%) 72 83.36 75.05 6.82 2.49 18.37
EM [26] 16(20%) 64 75.80%* 64.84%* 20.64* 7.20 9.45
MT [23] 16(20%) 64 76.43% 64.70* 15.39%* 6.02% 9.45
UAMT [41] 16(20%) 64 77.17* 66.37 15.09* 6.86* 9.45
DTC [24] 16(20%) 64 75.33% 63.92%* 14.39% 6.24% 30.45
URPC [28] 16(20%) 64 74.95 65.81%* 22.07* 9.17* 9.45
MC-Net+[9] 16(20%) 64 76.14% 67.03 21.05% 8.34* 15.25
ACMT [42] 16(20%) 64 80.05* 70.04%* 11.67* 5.34% 5.89
DUR-Net 16(20%) 64 85.92 79.07 12.29 4.47 18.37
DUR-Net+ 16(20%) 64 86.54 79.93 4.97 1.27 18.37

N N

EM MT UAMT DTC URPC MC-Net+ ACMT DUR-Net DUR-Net+

Fig. 5. Qualitative comparisons on the PUMCH-PHEQ dataset with 20% labeled cases. The areas outlined in red and green represent the predicted
results and ground truth (GT), respectively.
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DUR-Net , DUR-Net+ shows statistically significant improve-
ment in all evaluation metrics, which fully demonstrates the
effectiveness of SAM-Med3D a priori knowledge in enhancing
the segmentation capability of the model. In particular, the
enhancement of model performance using supervised signals
from SAM-Med3D at 10% annotation ratio is significantly
higher than that at 20% annotation ratio, a phenomenon that
is mutually corroborated with the patterns presented in Table
1, revealing the outstanding advantages of this module in low
annotation data scenarios. In addition, we present some of the
qualitative comparison results in Fig.6. It is found that despite
the fact that pheochromocytomas present fuzzy boundaries and
diverse morphologies in different populations, our proposed
DUR-Net+ method can accurately outline their boundaries and
generate plausible segmentation results.

D. Ablation analysis

1) Experiments on the component: As shown on Table III,
we conducted ablation experiments on the PUMCH-PHEO
dataset to validate the performance of each component. Based
on the shared encoder and three independent decoders, we
added the components including Attention Convolution Block
(ACB), Dynamic Uncertainty Rectification (DUR), and SAM-
Med3D. It can be noticed that each component helps to im-
prove the segmentation performance. The Dice score improves
by 8.82% with the addition of ACB, which indicates that the
region of interest is getting attention through ACB. In the
absence of ACB, the utilisation of DUR to select pseudo-
labels and assign elevated weights to plausible voxels resulted
in an improvement of nearly 9% in the Dice metric. However,
the ACB and DUR play a role more in terms of target area.
SAM-Med3D not only enhances the segmentation of the target
region, but also improves the discrimination of the tumor
boundary. After adding SAM-Med3D, the Dice increased by
13.87%, the Jaccard by 14.36%, the 95SHD dropped by 5.75%,
and the ASD dropped by 1.58%. These findings underscore the
efficacy of SAM-Med3D’s prior knowledge in enhancing the
framework’s holistic performance. Moreover, the integration
of SAM-Med3D into either the ACB or DUR modules yields
consistent improvements across all four evaluation metrics,
thereby substantiating the rectified role of SAM-Med3D. No-
tably, experimental results further reveal that synergistic uti-
lization of all components culminates in optimal performance.

To further demonstrate the effectiveness of ACB, DUR
and SAM-Med3D, we generate the feature maps of unla-
beled samples with different morphologies and backgrounds
in Fig.7. It can be seen that ACB brings attention to the
region of interest. DUR highlights the semantic representation
and reduces noise by learning reliable information. With the
introduction of SAM-Med3D, the framework’s understanding
of the overall structural relationships is enhanced, enabling a
clear distinction between the tumor and surrounding tissue. In
addition, by integrating all components, complementary effects
can be achieved to further improve the focus on the tumor
region and the recognition accuracy.

2) Compared with prompt-based inference of Sam-Med3D:
As shown in Table IV, the segmentation performance of DUR-
Net improves with the increase in labeled data, while SAM-
Med3D enhances its Dice coefficient from 62.50% to 78.23%
by increasing the number of manual prompts. This indicates
that although SAM-Med3D enables zero-shot segmentation
without labeled training data, achieving acceptable perfor-
mance requires generating prompts for each test image, leading
to substantial manual effort. In contrast, DUR-Net+ signif-
icantly outperforms individual models at different labeling
ratios by integrating the advantages of DUR-Net and SAM-
Med3D, fully verifying the performance enhancement effect
of collaborative learning.

3) Comparison with other attention modules: The feasibil-
ity of ACB is investigated through a comparative analysis
with Squeeze and Excite (SE) [43], Large Kernel Attention
(LKA) [44], Global Attention Mechanism (GAM) [45], and
Convolutional Block Attention Module (CBAM) [46]. For
fair comparison, all attention modules were inserted into the
same position in the encoder. As shown in Table V, the
LKA with large kernel convolutional attention achieves the
best performance on the Dice and Jaccard metrics among the
existing attention modules. The CBAM, with the cascading
optimization of channel and spatial attention, has stronger
discriminative power on the spatial position and feature di-
mension of boundary pixels, and therefore performs the best
on 95HD and ASD. However, ACB is significantly better than
CBAM in Dice and Jaccard coefficients (up 6.8% and 7.6%
respectively), mainly because its feature fusion strategy can
more fully capture the semantic information of the tumor body
region. It is worth noting that although ACB is inferior to
CBAM in boundary indicators, it still maintains the second
best performance, with a difference of only 0.16 for 95SHD
and 0.26 for ASD. In contrast, CBAM’s advantage in Dice and
Jaccard coefficients is not significant. Overall, ACB produces
the best performance.

4) Decoders inter-rectification: In the dynamic uncertainty
rectification mechanism, pseudo labels are selected and all
decoders are encouraged to learn from each other during
training, which in turn improves the overall performance of
the framework. Figure.8 illustrates the prediction outcomes of
three autonomous decoders across distinct iterations. Initially,
notable discrepancies exist between the decoders. And as
the iterations advance, they rectify each other and ultimately
converge towards a consensus.

5) The effects of Luc and Lcon: Two types of regularization
are introduced in dynamic uncertainty rectified, which include
uncertainty rectification between pseudo labels and suboptimal
predictions, and consistency regularization between subopti-
mal predictions. The quantitative results in Table VI show
that both rectifications improve the performance. Uncertainty
rectification produces a larger contribution than consistency
regularisation. The combination of these two operations can
gives the best results.

6) Comparison with different reliability measures: We eval-
uated the effectiveness of our dynamic prompt generation
method by conducting comparative experiments with methods
that only use the output of a single decoder as prompt. To
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TABLE I
QUANTITATIVE COMPARISON OF THE SOTA SEMI-SUPERVISED METHOD WITH OUR METHOD ON THE JCH-PHEO DATASET.* DENOTES ASTATISTICAL
SIGNIFICANCE TEST BETWEEN OUR METHOD AND THE COMPARATIVE METHOD (P < 0.05). RED-COLORED AND BLUE-COLORED VALUES
CORRESPOND TO THE BEST AND 2ND BEST PERFORMING MODEL, RESPECTIVELY.

Method scans used Metrics Cost
Labeled Unlabeled Dice[%]T Jaccard[%] 1T 95HD[voxel]] ASD[voxel]| Params.(M)
V-Net 10(10%) 0 23.29% 16.72%* 30.21* 13.26%* 9.45
V-Net 20(20%) 0 47.83* 40.36* 15.32%* 4.30* 9.45
V-Net 100(All) 0 78.52 70.92 11.84 3.13 9.45
EM [26] 10(10%) 90 35.02% 27.56%* 24.06* 6.36%* 9.45
MT [23] 10(10%) 90 37.53%* 27.37* 25.70 8.87* 9.45
UAMT [41] 10(10%) 90 40.87* 31.36%* 25.23%* 7.13% 9.45
DTC [24] 10(10%) 90 46.90* 34.88 20.76* 7.44% 9.45
URPC [28] 10(10%) 90 42.98 33.37* 28.34% 12.46 5.89
MC-Net+ [9] 10(10%) 90 49.19* 37.62% 19.42 6.43* 15.25
ACMT [42] 10(10%) 90 57.99% 47.55 22.36* 11.69%* 30.45
DUR-Net 10(10%) 90 57.17 45.93 18.48 6.52 18.37
DUR-Net+ 10(10%) 90 76.92 69.53 9.51 4.09 18.37
EM [26] 20(20%) 80 51.94% 41.73* 16.78* 5.72 9.45
MT [23] 20(20%) 80 55.71% 43.62* 18.30 4.54%* 9.45
UAMT [41] 20(20%) 80 64.89% 54.61°%* 15.86 5.97* 9.45
DTC [24] 20(20%) 80 54.42% 41.71%* 21.92% 6.12% 9.45
URPC [28] 20(20%) 80 60.28%* 51.37* 26.30* 10.30%* 5.89
MC-Net+ [9] 20(20%) 80 62.36%* 49.85%* 17.36 4.91%* 15.25
ACMT [42] 20(20%) 80 71.31%* 60.98°* 10.34%* 3.53%* 30.45
DUR-Net 20(20%) 80 72.32 63.57 13.26 4.20 18.37
DUR-Net+ 20(20%) 80 79.77 71.03 8.50 3.03 18.37

EM

MT UAMT DTC

URPC

MC-Net+ ACMT DUR-Net DUR-Net+

Fig. 6. Qualitative comparisons on the JCH-PHEQO dataset with 10% labeled cases. The areas outlined in red and green represent the predicted

results and ground truth (GT), respectively.

ensure fairness, a threshold of 0.85 was applied for filtering
in all experiments. As shown by the results in Table VII, the
dynamically generated prompt method demonstrates excellent
overall performance, ranking first in the Dice, Jaccard, and
95SHD metrics. This suggests that the dynamic adjustment of
prompt enables the framework to capture a more comprehen-
sive feature representation, reducing information redundancy
and bias from fixed prompts, and thereby improving segmen-
tation accuracy on complex tumors.

7) The Effects of hyperparameter T: It is important to note
that the threshold 7' plays a critical role in obtaining high-
quality mask prompts. A lower threshold may introduce noise
into the mask prompts, resulting in false signals. Conversely,
a higher threshold can lead to the loss of useful information
and fail to provide adequate prompts. We conducted ablation
experiments on the PUMCH-PHEO dataset to determine the
optimal confidence threshold 7. As illustrated in Fig.9, both
excessively high and low thresholds yield sub-optimal perfor-
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TABLE IlI
EFFECTIVENESS OF THE COMPONENTS ON THE PUMCH-PHEO DATASET
Scans Used Module Metrics

labeled unlabeled ACB DUR SAM-Med3D Dice(%)T Jaccard(%)7T 95HD(voxel)| ASD(voxel)]

0 63.52 53.27 15.81 5.18

72(90%) v 72.34 61.94 19.51 7.15

72(90%) v 72.48 61.25 17.85 7.63

8(10%) 72(90%) v 77.39 67.63 10.06 3.60

72(90%) v v 73.63 63.30 16.81 6.72

72(90%) v v 80.45 70.78 9.78 347

72(90%) v v 80.52 70.97 7.06 2.62

72(90%) v v v 83.36 75.05 6.82 2.49

er ACB DUR SAM-Meazp ~ ACBFDURISAM- TABLE V

10

0.0

Fig. 7. Visualization of the feature map after adding different modules,
the area outlined by the green line indicates pheochromocytoma.

TABLE IV
COMPARED WITH PROMPT-BASED INFERENCE OF SAM-MED3D

Method Manual Annotation ~ Manual Prompt  Dice T[%]
4labeled case - 55.50
DUR-Net 8labeled case - 73.63
16labeled case - 83.36
- 4points 62.50
SAM-Med3D - 8points 70.66
- 16points 78.23
4labeled case - T4.77
DUR-Net+ 8labeled case - 83.36
16labeled case - 86.54

mance. The framework achieves its best performance when T’
is set to 0.85.

E. Limitations Discussion

In this paper, we integrated SAM-Med3D prior knowledge
to facilitate semi-supervised pheochromocytoma segmentation,
yielding significant performance gains. However, results on
the PUMCH-PHEO dataset revealed a gradual attenuation
of SAM-Med3D’s efficacy with increasing labeling ratios.
This is evident from marginal metric improvements when
the labeling rate reaches 20%. The phenomenon stems from
SAM-Med3D’s limited knowledge of the target domain, as it
was deployed for direct inference without thorough domain-
specific training. While its robust generalization and feature

ABLATION EXPERIMENTS WITH DIFFERENT ATTENTION
MODULES,RED-COLORED AND BLUE-COLORED VALUES CORRESPOND
TO THE BEST AND 2ND BEST PERFORMING MODEL, RESPECTIVELY.

Module Params(M) Metrics
Dice[%]T Jaccard[%]T 95HD[voxel]] ASD[voxel]]
SE [43] 15.257 77.36 66.88 14.10 6.44
LKA [44] 15.744 79.49 69.67 8.15 2.75
GAM [45] 30.265 74.40 61.96 10.35 3.40
CBAM [46] 15.262 76.53 67.45 6.66 2.23
ACB (Ours) 18.370 83.36 75.05 6.82 2.49
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Fig. 8. Visualization of the prediction results of three decoders under

different iteration conditions.
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Fig. 9. Parameter analysis of confidence threshold on pheochromocy-
toma semantic segmentation.

extraction capabilities establish a high performance baseline,
as demonstrated by substantial improvements with only 5%
labeled data, the absence of pheochromocytoma-specific se-
mantic understanding constrains its full potential. Thus,we
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TABLE VI
ABLATION STUDIES ON DIFFERENT LOSSES

Lyc Lecon Dice(%)T Jaccard(%)T 95HD(voxel)] ASD(voxel)]

80.45 70.78 9.78 3.47

v 81.82 72.69 7.45 2.83

v 81.43 71.26 9.48 391

v v 83.36 75.05 6.82 2.49
TABLE VI

PERFORMANCE OF DIFFERENT PROMPT METHOD

Method Dice(%)T Jaccard (%)T 95HD(voxel)] ASD (voxel)]

Decoderl  79.83 70.20 6.90 2.44
Decoder2  81.57 72.55 7.54 2.47
Decoder3  80.49 70.69 10.05 3.35

Ours 83.36 75.05 6.82 2.49

believe that fine-tuning SAM-Med3D to acquire task-specific
knowledge, thereby enhancing its supervisory role, constitutes
a crucial direction for future research.

VI. CONCLUSION

This paper presents a semi-supervised framework for
pheochromocytoma segmentation. Specifically, we first con-
structed the semi-supervised model DUR-Net, whose core
designs are reflected in two aspects: Attentional Convolution
Blocks (ACBs) are embedded in the encoding stage to en-
hance the learning ability of complex tumor features through
differential processing of features with varying resolutions,
thereby strengthening the model’s focus on regions of interest;
meanwhile, a dynamic uncertainty rectification mechanism is
proposed to select pseudo-labels through dynamic compar-
ison of multi-decoder outputs, enabling self-rectification of
the model. On this basis, the framework incorporates prior
knowledge from SAM-Med3D as an external supervisory sig-
nal, leveraging its rich semantic understanding of abdominal
anatomical structures to form a synergy with the internal
learning mechanism of DUR-Net, further optimizing segmen-
tation accuracy. Experimental results on pheochromocytoma
datasets from two different centers validate the effectiveness
of the proposed semi-supervised segmentation framework,
providing a feasible solution for accurate tumor segmentation
in scenarios with limited annotations.
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