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Abstract

Few-shot Medical Image Segmentation (FSMIS) aims
to achieve accurate segmentation with extremely lim-
ited labeled data. However, medical images are char-
acterized by blurred boundaries, incomplete informa-
tion, and high noise, leading to high uncertainty in
model predictions. Most existing FSMIS methods, in-
cluding recent descriptor-based state-of-the-art (SOTA)
methods, generate segmentation results without explic-
itly modeling uncertainty at both the descriptor and pre-
diction levels, which limits their reliability in complex
regions. To address these problems, we propose DU-
Net, a novel Dual-Level Uncertainty-Aware Network de-
signed to achieve reliable segmentation. Evidence ex-
traction networks are incorporated to estimate the un-
certainty of foreground and background descriptors. To
suppress the interference of high-uncertainty descrip-
tors, the Descriptor-Level Uncertainty-Aware Similarity
Maps Fusion (DUSMF) module dynamically modulates
the contribution of each descriptor during fusion. To
enhance the prediction accuracy, the Evidential Dual-
Branch Prediction (EDP) module is designed, which en-
ables joint optimization between segmentation and ev-
idential uncertainty estimation in a multi-task learning
fashion. We impose consistency constraints on the pre-
dictions of the above two branches in low-uncertainty
regions to conduct mutual supervision. Experiments on
three public medical image datasets demonstrate that
our method outperforms current SOTA methods.

Keywords: Few-shot medical image segmentation, Evi-
dential deep learning, Multiple representative descriptors,
Uncertainty-aware.

1. Introduction

In recent years, deep learning [28] has achieved signifi-
cant breakthroughs in medical image segmentation [33, 1],
improving the accuracy of automatic segmentation [39, 37,
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, 6, 21]. Efficient training of these methods heavily relies
on large amounts of accurately labeled data, which require
time-consuming and labor-intensive manual annotation by
experienced clinicians. Moreover, access to medical im-
ages is constrained by ethical, privacy and legal consider-
ations, leading to a scarcity of high-quality labeled data that
hinders model performance and generalization in clinical
practice. To address this challenge, few-shot medical image
segmentation (FSMIS) [45, 13, 40, 36] has been proposed,
enabling accurate segmentation with a limited number of
labeled samples.

Most existing FSMIS models [45, 35, 12, 46] employ
masked average pooling (MAP) [30] to extract support
features from support images, generating the correspond-
ing prototypes. The segmentation of novel classes is then
achieved by computing similarity between these prototypes
and the query image, inevitably leading to the loss of class-
discriminative information. Furthermore, most models con-
struct only a single prototype for each class, making it dif-
ficult to fully capture the complex class distribution. To
address these limitations, the GMRD [&] method generates
multiple representative descriptors for both the foreground
and background of each class, based on which foreground
and background prediction maps are calculated. This strat-
egy not only enables a more comprehensive characterization
of class features and overall distribution but also mitigates
the adverse effects caused by the imbalance between fore-
ground and background proportions in medical images.

Due to the limited number of training samples in FS-
MIS and the inherent challenges of medical images, such as
blurred tissue boundaries and diverse lesion morphologies,
the representational capabilities of foreground and back-
ground descriptors are divergent, and the model is prone to
producing unstable and low-confidence predictions. Specif-
ically, 1) at the descriptor level, some descriptors can reli-
ably capture the features of a class, while others exhibit high
uncertainty, influenced by noise or highly similar anatom-
ical structures. The descriptors with high uncertainty are
difficult to accurately represent the categorical attributes
and introduce noise in the calculation. 2) At the predic-



tion level, complex anatomical structures and limited train-
ing samples lead to insufficient model generalization, which
consequently has a negative impact on segmentation accu-
racy and prediction reliability, particularly when the model
encounters unseen classes or morphologies in query images.

Although current studies [20] have begun to lever-
age uncertainty to guide feature refinement, they do not
elaborately model and collaboratively process uncertainty
at different levels. Recently, Evidential Deep Learning
(EDL)[41, 34, 14] has attracted attention for its solid theo-
retical foundation and uncertainty quantification in a single
forward pass. EDL has been successfully applied in medical
image analysis, particularly in medical image classification
[15, 16, 17, 9] and segmentation [57, 22, 29, 51, 7]. How-
ever, its application to FSMIS remains largely unexplored.

In this work, we propose a novel Dual-Level
Uncertainty-Aware Network (DU-Net), which integrates
EDL into the GMRD [&] method to model uncertainty at
both the descriptor and prediction levels. Evidence extrac-
tion networks are constructed to estimate the uncertainty
of the generated foreground and background descriptors.
The Descriptor-Level Uncertainty-Aware Similarity Maps
Fusion (DUSMF) module utilizes this uncertainty to en-
hance fine-grained semantic alignment and improve the sta-
bility of similarity estimation by dynamically adjusting the
weights of similarity maps calculated between the repre-
sentative descriptors and query features. Maps obtained
through high-uncertainty descriptors are downweighted to
suppress unreliable information, while those through low-
uncertainty descriptors receive more attention for reliable
and discriminative cues. To improve the segmentation ac-
curacy and prediction interpretability, the Evidential Dual-
Branch Prediction (EDP) module is designed, which en-
ables joint optimization between segmentation and eviden-
tial uncertainty estimation in a multi-task learning fashion.
The consistency constraints are imposed on the predictions
of the previous two branches in low-uncertainty regions to
conduct mutual supervision.

In summary, our main contributions are as follows:

1) A Dual-Level Uncertainty-Aware Network (DU-Net)
is proposed to incorporate EDL to explicitly model uncer-
tainty on both the descriptor and prediction levels.

2) At the descriptor level, the Descriptor-Level
Uncertainty-Aware Similarity Maps Fusion (DUSMF)
module explores the estimated uncertainty of the fore-
ground and background descriptors to suppress the interfer-
ence of high-uncertainty descriptors, enhancing the robust-
ness of similarity calculation between descriptors and query
features.

3) At the prediction level, the Evidential Dual-Branch
Prediction (EDP) module integrates segmentation with ev-
idential uncertainty estimation to jointly train. The consis-
tency constraint loss is introduced to conduct mutual super-

vision between the two branches in low-uncertainty regions.

4) Extensive experiments and ablation studies on three
popular medical image datasets demonstrate the effective-
ness of our proposed method.

2. Related Work

2.1. Few-Shot Medical Image Segmentation

Although deep learning methods have made significant
progress in medical image segmentation [2], their further
advancement is limited by the scarcity of high-quality la-
beled data in practice. In recent years, FSMIS has gained
increasing attention for its ability to achieve competitive
performance with a limited number of labeled samples.

As one of the pioneers in FSMIS, SENet[40] achieves
strong interactions between the conditioner and segmenter
arms with a ‘Squeeze & Excitation” module.  SSL-
ALPNet[35] proposed an adaptive local prototype pooling
network and incorporated pseudo labels generated from su-
perpixels as self-supervision signals. ADNet[!8] adopts
an anomaly detection perspective, computing an anomaly
score for query pixels based on a single foreground proto-
type and predicting the mask with a learnable fixed thresh-
old. Building on ADNet[!8], Q-Net[43] adopts a dual-path
feature extraction module to capture multi-scale features. It
introduces query-informed threshold adaptation and proto-
type refinement modules to leverage query-specific infor-
mation for segmentation optimization. To better character-
ize class distributions, GMRD [8] generates multiple rep-
resentative descriptors and introduces a dual-path Multiple
Affinity Maps-based Prediction (MAMP) module to fuse
affinity maps from these descriptors. PSMNet[46] decom-
poses support masks into fine-grained submasks in a self-
guided manner and introduces a Multi-Level Cross Atten-
tion Module (MCAM) to enhance query features by lever-
aging multi-level support information.

In FSMIS tasks, the scarcity of labeled samples often
results in high prediction uncertainty. Recent studies have
begun to focus on its negative impact on segmentation ac-
curacy and stability. For instance, ADNet++[20] estimates
voxel-level prediction uncertainty via masked randomized
average pooling (MRAP) in a prototype-based framework,
and leverages this uncertainty to guide superpixel feature
refinement. In this work, we conduct evidential uncer-
tainty estimation at both the descriptor and prediction levels
within the FSMIS framework, enabling reliable and inter-
pretable segmentation.

2.2. Uncertainty Estimation in Medical Image Analysis

Uncertainty modeling serves as the cornerstone for
achieving reliable medical image analysis. With the contin-
uous advancement of deep learning [28] in medical imag-
ing, various uncertainty quantification paradigms have been



proposed, broadly categorized into probabilistic and non-
probabilistic methods [23]. Probabilistic methods rely
on probability distributions to quantify prediction uncer-
tainty, typically using prediction entropy or variance to es-
timate output distributions. Representative methods include
Bayesian inference[48, 49, 4], Monte Carlo dropout [26],
and model ensembles[]1]. Non-probabilistic methods do
not require strong assumptions about the prior distribution
of data and are suitable for scenarios where precise proba-
bilistic information is unavailable. These methods mainly
include interval analysis [38], fuzzy sets and fuzzy logic
theory [53], and Dempster-Shafer theory[10, 42].

In recent years, EDL[4], , ] has emerged as a
mainstream approach for uncertainty modeling. Unlike
traditional methods, which are characterized by computa-
tional complexity and high costs, EDL constructs a theoret-
ical framework based on Dempster-Shafer Evidence Theory
(DST) [52] and Subjective Logic (SL) [24]. Its core mecha-
nism involves a neural network that outputs non-negative
evidence for each class, where evidence reflects the de-
gree of support for the corresponding class hypothesis. By
parameterizing the Dirichlet distribution based on the ev-
idence, EDL simultaneously obtains class prediction and
uncertainty estimates during a single forward pass. This not
only avoids computationally intensive operations such as re-
peated sampling but also enhances the interpretability and
reliability of model predictions. Owing to its unique advan-
tages in uncertainty quantification, EDL has been applied
to several computer vision tasks[3, 5, 54, 44]. For example,
UDEL[5] extends the traditional paradigm of EDL to adapt
to the weakly-supervised multi-label classification goal by
leveraging uncertainty at both video and snippet levels.

However, related research on FSMIS remains limited.
Our work integrates EDL into the FSMIS method for un-
certainty estimation at different levels.

3. Methodology
3.1. Problem Definition

The FSMIS aims to train a model on the training dataset
Dy with known classes Cy- to accurately segment novel
classes Cye in the testing dataset D;., where Ci- N Cie =
(). 1In this study, we adopt the commonly used meta-
learning paradigm for FSMIS. Dy, = {(S},, Q%) } X7 and
Dy = {(Si,, Qi,)}Nts are constructed as several randomly
sampled episodes, where N;. and Ny denote the num-
ber of episodes in the training and testing phases, respec-
tively. Each episode follows the N-Way K-shot setting, con-
sisting of K annotated support images and several query
images, all sampled from the same N classes. Specifi-
cally, during training, the support set is defined as S, =
{(1k, M¥)}E |, where I¥ and MF represent the k-th sup-
port image and its corresponding ground-truth segmentation

mask, respectively. The query set Qi, = {(IF, Mé“)},lj:ql
contains N, query image-mask pairs sampled from the
same classes as the support set. The model leverages knowl-
edge learned from support images to guide the segmenta-
tion of query images. During the testing phase, the model
is evaluated under the same N-Way K-shot setting as used
during training. In this experiment, we adopt GMRD [£] as
the baseline and follow the experimental settings of SSL-
ALPNet[35] and PANet [50], setting N = K = 1.

3.2. Overview

The proposed DU-Net is illustrated in Fig. 1. The sup-
port and query images are first input into a parameter-shared
feature encoder to extract corresponding feature vectors.
The support features and the support mask are then fed into
the GMRD module [8] to generate multiple representative
descriptors for the foreground and background classes. To
facilitate evidence modeling, the evidence extraction net-
work utilizes linear layers to project descriptor features into
a lower-dimensional feature space and then estimate the un-
certainty at the descriptor level. Similarity maps are cal-
culated between the descriptors and query features, which
are further aggregated through two lightweight decoders.
Descriptor-level uncertainty is introduced as a weighting
factor to dynamically adjust the contribution of each sim-
ilarity map, reducing the influence of high-uncertainty de-
scriptors. Finally, the foreground and background predic-
tion maps obtained from the decoders are fed into two
parallel branches. The segmentation branch employs the
softmax function to produce pixel-wise prediction maps,
while the evidential uncertainty estimation branch param-
eterizes a Dirichlet distribution for uncertainty quantifica-
tion at the prediction level and evidential probability calcu-
lation. Consistency constraints are imposed on the predic-
tions of the two branches to conduct mutual supervision in
low-uncertainty regions.

3.3. Uncertainty Modeling via Evidential Deep Learning

To model the uncertainty at both the descriptor and pre-
diction levels, we incorporate the EDL framework based on
DST[52] and SL[24] into the proposed FSMIS model. For
a segmentation task with C' classes, given an input sam-
ple z, the network generates a non-negative evidence vector
e = [e1,...,ec] by applying the sofiplus activation func-
tion to the output of the final layer. To represent the intensity
of activation of each class, evidence e, is defined as a mea-
sure of the support collected from the data indicating the
sample belongs to class c. Based on the evidence, SL[24]
provides a belief mass b, for each class ¢ = 1,...,C and
the overall uncertainty mass u, then we have:

C
uty be=1, (1)
c=1



Support Mask .

1
. I

. o |
1

1

1

1

1

f ®@: Masked average pooling UDbg

___________________________________________

FG ﬁ FG Evidence
- — -
5 Extraction

@ Estimate H
— _—

Dy, o ™ 0O

edl|

. 1
Evidence =k

1
1
1
|
//// ing Multi = :
/| Generating Multiple . [n_prototypes, 2] ap, =ep, +1 Upgy \
— — - Representative |
: Descriptors(GMRD) Dy [n_prototypes, 2] ap,,=ep,, +1 Upyg i
1
1
Supportimage Encoder Support Feature é q (
PP g PP i BG @ BG Evidence @ Estimate H ]
/ ! Layer A Extraction f : 1
Ly ]
3! \ / E | o
= S Descriptor Uncertainty Estimation _ .
I
2 e .
=1 e Evidential Dual-Branch Prediction (EDP)
= Dy U N
S0\ 9 Dbfg M
cX -0 Pyeg o
B A2 A l !
AN Softmax Argmax
PR :
» i P .
/| A 1 ] 1
— — — 1 1 Leon :
. 1
— Decoder —> q . :
Query image Encoder  Query Feature . 1
1
1
1
1
1
1
1

\ l_’ 4

1 Dig , !
:© Concatenate i Descriptor-Level Uncertainty- s
1 O: El t-wi Itiplication ! Aware Similarity Map Fusion ! - /
1 O Flementwise muliplication, . alarty MapFushon 1\ Gorea=Cores +1  Pon )

Figure 1: Overview of the proposed DU-net architecture. The shared-weight feature encoder extracts the support and query
features. The support features and masks are then processed by the GMRD module to generate representative descriptors for
the foreground and background classes. The uncertainty of the generated foreground and background descriptors is estimated
through evidence extraction networks and fed into the DUSMF module to dynamically modulate the contributions of the
similarity maps. Finally, the EDP module integrates segmentation with evidential uncertainty estimation to jointly train. The
consistency constraint loss is introduced to conduct mutual supervision between the two branches in low-uncertainty regions.

where © > 0 and b. > 0. Then, b. and u can be calculated
as follows: o

b= u=, @)
where S = "% (e, + 1). The total evidence 3 e,
is inversely related to uncertainty: a larger total evidence
indicates lower uncertainty, while the uncertainty reaches
its maximum value v = 1 when there is no evidence
for all classes. Building on the evidence collected from
all classes, the Dirichlet distribution is parameterized by
a = [ag,...,ac], where o, = e. + 1. Consequently, the
belief mass can also be derived from the Dirichlet parame-
ters as b, = (a. — 1)/S, where S = Zle a. denotes the
Dirichlet strength. The Dirichlet distribution density func-
tion is defined as:

ac—1

—— [l p3™", forp e Sc,
D(p|a)= ( ) -t 3)
0, otherwise,
where S¢ = {p | Zlepc =1, 0 < p. < 1}is the
C-dimensional unit simplex, p = [p1,...,pc] is a ran-

dom probability vector defined on S¢ following the Dirich-
let distribution, and B(«) denotes the C-dimensional Beta

function with parameter cc. Under the EDL framework, the
predicted probability for class c is computed as the expected
value of the corresponding Dirichlet distribution:

Pe =5 “4)

To encourage the model to accumulate more informa-
tive evidence for the target class, a negative log-likelihood
(NLL) loss is typically employed in the EDL framework.
Specifically, treating the Dirichlet distribution D(p | &) as
a prior over the likelihood function L(y | p), the negative
log of the marginal likelihood can be defined as:

Loli—edl =

—log(/L(y |p)D(p | a)dp)

= 1
_log</cl:[1pc Ble
C
Zyc(log(s)
c=1

where y is the one-hot label vector. Furthermore, to pre-
vent the model from making overconfident predictions on

C

] pre! dp) 5)

—

- IOg(ac))a



samples with high uncertainty and to maintain high un-
certainty when evidence is insufficient, EDL introduces an
additional Kullback-Leibler (KL) divergence regularization
term to suppress the generation of evidence for non-target
classes. This regularization term is defined as:

Li—eat = KL[D(p | @) | D(p | 1)]

r(xd,a)

= log G

(O [Tz Tlae) ©)

- u(3a)].

c=1 c=1

where I'(-) denotes the gamma function and ¢ (-) denotes
the digamma function, & = y + (1 — y) ® « repre-
sents the Dirichlet parameters obtained after removing non-
misleading evidence for the target class: the parameter of
the target class is reset to 1 while retaining the original ev-
idence for non-target classes. D(p | 1) denotes a uniform
Dirichlet distribution with all parameters equal to 1.
The final optimization objective of EDL is defined as:

Leqt = Loni—edl + 1t Lid—edl, @)

where p; = min (1 ) is a warm-up annealing coef-

_t_
1 0.5T
ficient used to avoid imposing excessive regularization on
unreliable evidence predictions during early training stages,
with ¢ denoting the current epoch index and 7" the total num-

ber of epochs.

3.4. Quantification of Descriptor-Level Uncertainty

Similar to the baseline method [50], given a support im-
age I, and a query image I,, we first extract the feature
F, = f@( ) c RHXWXFE and F — fe( ) c RHXWXE
using a feature encoder fy(-) pre- tramed on the MS-COCO
dataset [31], where H and W denote the height and width
of the feature map, respectively, and F' represents the num-
ber of feature channels. The encoder adopts a ResNet [19]
network structure, and its parameters 6 are shared during
the extraction of support and query features to ensure con-
sistency in the feature space. The extracted support features
together with the mask M are then fed into the GMRD [§]
module to generate representative descriptors. This module
employs a dual-path architecture, focusing separately on the
feature representations of the foreground and background.

1) Generating multiple representative descriptors:
We first perform morphological operations on the support
mask to generate the inner-boundary mask M:® and the
outer-boundary mask M?P for the foreground. Then, we
conduct MAP on the support features by leveraging the
foreground mask M, the background mask 1 — M, and
boundary masks to obtain the foreground prototype P'®,

the background prototype P2, and the boundary proto-
types PP, P°P. Subsequently, in the foreground and back-
ground paths, the support features are element-wise multi-
plied with the foreground and background masks to obtain
purified features. For zero-valued regions in the features,
a random sampling and populating strategy is employed to
reconstruct features where all pixels belong to the respec-
tive class. Then, the reconstructed foreground and back-
ground feature are fed into two lightweight multi-layer per-

ceptrons (MLP) to generate N;g representative foreground
descriptors dg; € RN XF and N;g background descrip-
tors dpg € RN d5XF Finally, the foreground descriptor set
Diy = dig & P @ P, Dy, € RNEHDXF g formed
by concatenating the representative foreground descriptors
with the foreground and inner-boundary prototypes, while
the background descriptor set Dyg = dpg & PP8 & PP,
Dy, € RVI*+2XF g formed by concatenating the repre-
sentative background descriptors with the background and
outer-boundary prototypes. @ denotes concatenation.

2) Uncertainty modeling at the descriptor level: To
enable uncertainty-aware contribution modulation in simi-
larity fusion, we adopt EDL to model descriptor-level un-
certainty. As direct estimation in the high-dimensional
descriptor space can be noisy and inefficient, two class-
specific linear layers are introduced to project the high-
dimensional descriptor features into a two-dimensional ev-
idence space corresponding to the foreground and back-
ground classes. For Vdﬁg € Dgg and Vd{)g € Dyg, the pro-
jected two-dimensional vectors are calculated as

2ty = Wigdiy + brg, ®)
Ay = Wogd], + bug. )
where Wi, Wy, € R2XF are the weight matrices,
big, bog € IR? are the bias vectors, and 7, j denote the indices
of the foreground and background descriptors, respectively.

Subsequently, non-negative evidence at the descriptor level
is generated through evidence extraction networks:

= In(1 + exp(zfy,)), (10)
:ln(l—i—exp(z{)g)), (11)

€p, = 9(2iy)
Dy, = 9(20g)
wh'ere eing,.ejbbg € R2, and g(-) df?notes the softplus acti-
vation function. Finally, the uncertainty of each foreground
descriptor u} o and each background descriptor Dy, Can
be calculated accordmg to Eq. (2).

3.5. Descriptor-Level Uncertainty-Aware Similarity Maps
Fusion

Existing FSMIS methods typically assume that all
descriptors contribute equally when constructing query-
support matching relationships, while overlooking the vari-



ability in descriptor-level uncertainty arising from imag-
ing noise, annotation ambiguity, or anatomical variations,
causing high-uncertainty descriptors to negatively impact
segmentation accuracy. To address this, we propose the
DUSMF module that dynamically adjusts the contribution
weights of similarity maps generated from individual de-
scriptors during fusion, prioritizing descriptors with higher
confidence. The similarity between the representative de-
scriptors and query features is computed as follows:

Stg = cos(Fy, Dig), (12)
Sbg = c0s(Fy, Dyg), (13)

where ng c R(N{fig+2)><H><W and Sbg c R(N§g+2)><H><W
denote the foreground and background similarity maps, re-
spectively. Subsequently, the foreground and background
similarity maps are separately fed into two decoders for
fusion, generating the foreground prediction map Pfg and
background prediction map Pbg. During the fusion of sim-
ilarity maps, we introduce descriptor-level uncertainty as a
modulation factor for the weights:

) 1
Py = Decoder(ng © ¢(Ung))7 ¢(qug) - m7
fg
(14)
) 1
Py = Decoder(Sbg © ¢(qug))7¢(qug) - 1+dup,,’
(15)

where Decoder(-) denotes a lightweight convolutional neu-
ral network, and ® denotes element-wise multiplication
along the channel dimension. §; and J, are fixed scaling
coefficients controlling the effect of descriptor-level uncer-
tainty on fusion weights, both set to 0.1.

3.6. Evidential Dual-Branch Prediction

Most existing FSMIS methods directly output prediction
results without modeling prediction uncertainty, compro-
mising segmentation reliability. Therefore, an EDP mod-
ule is designed to generate segmentation results and model
uncertainty at the prediction level. This module takes the
foreground and background prediction maps as input, con-
catenates them into a dual-channel tensor, and feeds it into
two parallel branches: the segmentation branch and the ev-
idential uncertainty estimation branch.

1) Segmentation branch: The segmentation branch
aims to generate pixel-wise probability maps and is opti-
mized with a supervised loss to ensure segmentation accu-
racy. First, we employ the softmax function along the chan-
nel dimension of the prediction maps to obtain the pixel-
wise probability map Py.g, which consists of two channels
corresponding to the foreground and background probabil-
ity maps, denoted as Pfg and Pbg, respectively. Further-

more, we adopt the cross-entropy loss to measure the dis-
crepancy between the prediction and the ground-truth mask,
defined as:

Loo= =i S [(1= M) log(Pug) + M, Tog ()
h,w

(16)
where M, denotes the ground-truth mask of the query im-
age. In addition, to enhance the model’s generalization abil-
ity across images, we draw inspiration from prior research
[50, 36] and introduce a prototype alignment regularization
loss into the segmentation branch. The core idea is to com-
bine the predicted segmentation mask with the query im-
age to form a new support set, which is then used to in-
versely predict the segmentation mask of the support im-
age. By substituting the predicted and ground-truth masks
of the query image in Eq. (16) with the support image and
ground-truth mask, we obtain the alignment loss:

1 _ _
ﬁalign = 7% Z |:(1 - MG) log(Pbg) + MS lOg(Pfg) 3
h,w

a7
where M denotes the ground-truth mask of the support im-
age, and Pfg and Pbg represent the predicted foreground and
background probability maps generated when the support
image is treated as the query input. Finally, the segmenta-
tion mask M is derived from the predicted probability maps
via the argmax function:

M= p., 18
M ltebe) (1%

where P, represents the pixel-wise probability map for class
c.

2) Evidential uncertainty estimation branch: The ev-
idential uncertainty estimation branch aims to parameterize
a Dirichlet distribution under the EDL framework to explic-
itly model the uncertainty at the prediction level. Specifi-
cally, we apply the softplus activation function to the pre-
diction maps to obtain non-negative evidence at the predic-
tion level, denoted as ej,,.q. Subsequently, by adding a unit
vector to the evidence vector, we derive the Dirichlet dis-
tribution parameters as otpred = €pred + 1, Which defines
the Dirichlet distribution at the prediction level. Based on
this distribution, the evidential probability map Pe,; and the
prediction-level uncertainty U, eq can be further estimated
according to Egs. (4) and (2). Finally, the evidential uncer-
tainty estimation branch is optimized through the evidence
loss defined in Eq. (7).

3) Collaborative optimization: To ensure consistent
predictions between the segmentation branch and the evi-
dential uncertainty estimation branch in low-uncertainty re-
gions, a consistency constraint loss is constructed.

A dynamic threshold is first calculated according to the
overall uncertainty, and a binary mask M, is generated to



identify low-uncertainty regions:

7 = fmean(Upea), My = 1Uprea(h,w) < 7], (19)
where 1[-] denotes the indicator function, £ is a fixed coef-
ficient set to 1 that controls the sensitivity of the threshold,
and Uprea (h, w) represents the uncertainty of pixel (h, w).
Within the low-uncertainty regions indicated by M,
we introduce three complementary losses—KL divergence,
Jensen-Shannon (JS) divergence, and Dice loss—for dual-
branch collaborative optimization. The KL divergence is
employed to evaluate the overall discrepancy between the
probability distributions of the above two branches:

C

P,
Lireon = 3 Prilog 54—, (20)
c=1 seg

where P; and Pg, denote the probability maps for class
c from the segmentation and evidential uncertainty estima-
tion branches, respectively. € > 0 is a small smoothing term
for numerical robustness. Minimizing this term encourages
the predicted probabilities from the segmentation branch to
align with those produced by the evidential uncertainty es-
timation branch.

However, the KL divergence is asymmetric. When the
two distributions differ significantly—particularly in high-
uncertainty regions, it may produce unbalanced gradients,
leading to biased optimization or unstable convergence. To
mitigate this issue, the JS divergence is employed to mea-
sure the divergence of two distributions relative to their
mean distribution, preventing the model from overfitting to
a single branch. It is formulated as:

1 ( 2Pg,
JS con = 5 Z seg log c—c
2 P, + P
=1 ( seg ev1) (21)
2P¢.
+ P, log ev‘> .
¢ (P s%g + P, e(\.ll)

To enhance the spatial and structural consistency be-
tween the predictions of the two branches, we further in-
troduce the Dice loss to quantify the class-wise overlap be-
tween the predicted probability maps:

C c c
o 2 Zc 1 Pqegpew ) (22)
Z ((qu:g) (Pecw) ) €

For balanced optimization, the three losses are adap-
tively weighted according to the mean predicted uncer-
tainty. Specifically, the KL divergence is assigned a larger
weight when uncertainty is low to improve probabilistic cal-
ibration, whereas the Dice loss is prioritized under high un-
certainty due to its robustness to outliers. The JS divergence

Edice—con =

serves as a stable regularization term throughout training.
The adaptive weighting scheme is formulated as follows:

Wicon = €(1 — mean(Upred)) + 0, (23)
Wjscon = 3(1 — mean(Upreq)), (24)
Wdice-con = € mean(Upred) + 97 (25)

where € and 6 denote the weight balancing coefficient and
the base weight, respectively, which are set to 0.8 and 0.2 in
our experiments. The weights are then normalized to ensure
a unit sum:

W = Wil-con T Wis-con + Wdice-con; (26)
_ Wkl-con _ Wjs-con _ Wdice-con
Wkl-con = o y Wjs-con = <~ Wdice-con = = s
(27)

Finally, the consistency constraint loss is defined as:

Leon = Z M, @ Wkl conLKi-con

”M [t (28)
+sz—con[fjs—con + Wdice—conﬁdice-con);

where ||-||1 denotes the L;-norm and © represents element-
wise multiplication.

3.7. Loss Function

In summary, the final loss function is defined as:
L= A1‘Cce + >\2£align + >\3£ed1 + )\4£con7 (29)

where \; and )\, are balance coefficients fixed to 1.0. To
mitigate interference from unreliable uncertainty model-
ing during the early training stage, we apply an anneal-
ing strategy to the evidential loss weight A3, defined as

Ao = min (01,01 - 5ty

of the current training epoch and 7T represents the total
number of training epochs. Additionally, to prevent unre-
liable uncertainty estimates from providing misleading su-
pervision for the consistency constraint, we adopt a de-
layed activation strategy. The consistency constraint loss
is gradually activated only after the training process ex-
ceeds the halfway point (¢ > 0.57), with its weight de-

fined as: Ay = min (0.1,0.1 - %). This mechanism

promotes the model to focus on uncertainty modeling dur-
ing the early training phase while progressively strengthen-
ing consistency constraints as reliable uncertainty estima-
tion has been established.

), where ¢ denotes the index

4. Experiments
4.1. Datasets

We evaluate the proposed model on three publicly avail-
able datasets, as detailed below:



Abdominal CT dataset(ABD-CT) [27]: This dataset is
obtained from the MICCAI 2015 Multi-Atlas Abdomen La-
beling Challenge, comprising 30 3D abdominal CT scans.
In this study, four key abdominal organs are selected as seg-
mentation targets, including the left kidney (LK), right kid-
ney (RK), liver, and spleen.

Abdominal MRI dataset(ABD-MRI) [25]: This
dataset is obtained from the ISBI 2019 Combined Healthy
Abdominal Organ Segmentation Challenge, comprising 20
3D T2-SPIR MRI scans. It shares the same anatomical
annotation labels as the abdominal CT dataset, facilitating
cross-modality analysis and comparison.

Cardiac MRI dataset(CMR) [56]: This dataset is ob-
tained from the MICCAI 2019 Multi-Sequence Cardiac
MRI Segmentation Challenge, comprising 35 clinical 3D
cardiac MRI scans. This study focuses on the segmentation
of three key cardiac structures: the blood pool (LV-BP), the
left ventricular myocardium (LV-MYO), and the right ven-
tricular myocardium (RV).

4.2. Experimental Settings

To systematically evaluate the performance differences
between the proposed model and existing FSMIS methods,
our study adopts the same experimental settings as SSL-
ALPNet [35, 36], considering two experimental settings:
(1) Setting 1: the target classes in the test set may appear as
unlabeled background regions in training images; (2) Set-
ting 2: test classes are completely unseen during training,
meaning all slices containing test classes are strictly ex-
cluded from the training process.

Due to the high spatial continuity of target structures
across slices in the CMR dataset, complete exclusion of
slices containing test classes is impractical. Therefore, only
Setting 1 is used for this dataset.

4.3. Implementation Details

To ensure a unified evaluation standard, we adopt the
same implementation details as in [35, 36]. Specifically,
3D scanned images are decomposed into 2D slices and re-
sampled to 256x256. For single-channel MRI or CT slices,
we replicate them three times along the channel dimension
to match the input format of the proposed model.

Model evaluation is conducted using S5-fold cross-
validation, where each dataset is evenly partitioned into five
subsets. In each fold, one subset is used for testing while
the remaining four are used for training. The final perfor-
mance reported is the average across all folds. During each
fold, a single 3D volume is randomly selected from the pa-
tient samples to form the support set, while the remaining
samples of the same class constitute the query set. The slice
partitioning between the support and query sets follows the
region matching strategy proposed in [40]: the slices of each
3D volume (in both support and query sets) are divided into

three equally sized subregions. For any slice in a particu-
lar subregion of a query volume, its corresponding support
slice is defined as the central slice of the same subregion in
the support volume.

The proposed method is implemented in PyTorch and
trained on an NVIDIA RTX 3090 GPU. Following the
experimental setup in GMRD [8], the number of gener-
ated foreground and background descriptors is fixed at 100
and 600, respectively. The experiment adopts a 1-way 1-
shot few-shot learning setting. Model parameters are opti-
mized using stochastic gradient descent (SGD) with an ini-
tial learning rate of 0.001, which decays exponentially by a
rate of 0.98. The total number of training iterations is 36K,
with 3000 iterations per epoch and a batch size of 1.

4.4. Evaluation Metric

The Sorensen-Dice coefficient is adopted as the evalua-
tion metric, defined as:

. 21X NY]|
Dice(X,Y) X[
where X and Y denote the predicted mask and the
ground truth, respectively. | X NY| represents the number of
pixels in the intersection of the predicted and ground truth
regions, while | X | and | Y| denote the total number of pixels
in each region. The final reported results are obtained by av-
eraging the Dice scores across the five-fold cross-validation.

x 100% (30)

4.5. Performance Comparisons

Following the experimental setup of SSL-ALPNet [35,

], we compare the proposed method with eight represen-
tative FSMIS methods, including SENet [40], PANet [50],
SSL-ALPNet [35], ADNet [18], Q-Net [43], CAT-Net [32],
RPT [55], and GMRD [8]. The experimental results are
summarized in Table 1 and 2, which provides a compre-
hensive evaluation of the proposed FSMIS method on three
publicly available datasets.

As shown in Table 1, the proposed method achieves
superior segmentation performance compared to existing
methods under both experimental settings. Under Setting
1, our 5-fold cross-validated method attains average Dice
scores of 80.67% and 83.83% on the ABD-CT and ABD-
MRI datasets, respectively, surpassing the current highest
result (GMRD) by 2.15% and 0.93%. Under Setting 2, our
method achieves an average Dice score of 78.98% on the
ABD-CT dataset, representing a 1.66% improvement over
GMRD. Notably, for the spleen class, our method exhibits
a significant gain of 5.77% compared to the best existing
result (GMRD). On the ABD-MRI dataset, our method also
demonstrates consistent superiority, achieving a 2.54% im-
provement in average Dice score over GMRD.

As shown in Table 2, the proposed method yields the
best performance among all compared methods on the CMR



Setting Method ABD-CT ABD-MRI

Spleen Liver LK RK  Mean | Spleen Liver LK RK  Mean

PA-Net [50] 36.04 49.55 20.67 21.19 32.86 | 40.58 50.40 30.99 32.19 38.53
SE-Net [40] 43.66 3542 2442 1251 29.00 | 47.30 29.02 4578 4796 42.51
SSL-ALPNet [35] | 70.96 78.29 7236 71.81 7335 | 72.18 76.10 8192 &5.18 78.84
ADNet [18] 63.48 77.24 72.13 79.06 7297 | 7229 82.11 73.86 85.80 78.51

1 Q-Net [43] 78.06 7336 7826 77.63 76.83 | 7599 81.74 7836 87.98 81.02
CAT-Net [32] 67.65 7531 6336 60.05 66.59 | 68.83 7898 74.01 78.90 75.18

RPT [55] 79.13 82,57 77.05 7258 77.83 | 76.37 82.86 80.72 §9.82 82.44
GMRD [5] 7831 79.60 81.70 74.46 78.52 | 76.09 81.42 83.96 90.12 82.90

Ours (DU-Net) 81.00 8198 80.88 78.81 80.67 | 77.67 82.37 84.63 90.65 83.83
PA-Net [50] 29.59 3842 3234 17.37 2943 | 5090 4226 5345 38.64 46.33
SE-Net [40] 0.23 027 3283 1434 1191 | 51.80 2743 62.11 6132 50.66
SSL-ALPNet [35] | 60.25 73.65 6334 5482 63.02 | 67.02 73.05 73.63 7839 73.02
ADNet [18] 50.97 70.63 4841 40.52 52.63 | 59.44 77.03 59.64 56.68 63.20

2 Q-Net [43] 74.69 70.73 70.16 7171 71.82 | 6537 7825 64.81 6594 68.59
CAT-Net [32] 66.02 80.51 68.82 64.56 70.88 | 6731 75.02 7531 8323 75.22

RPT [55] 70.80 7524 7299 6773 71.69 | 7546 7637 7833 86.01 79.04
GMRD [5] 7530 80.39 7740 76.17 7732 | 7325 80.25 78.65 86.66 79.70

Ours (DU-Net) 81.07 7991 7838 76.57 7898 | 73.49 8297 82.63 89.87 82.24

Table 1: Comparison of qualitative results with other FSMIS methods on ABD-CT and ABD-MRI under setting 1 and setting
2. Dice score (%) is used as the metric, the best value is shown in bold, the second-best value is underlined, and ‘-’ indicates

not reported.

CMR

Method IV.-BP LV-MYO RV Mean
PA-Net [50] 5804  25.18 1286 32.02
SE-Net [40] 7277 4476 5713 5820
SSL-ALPNet [35] | 83.99 6674  79.96 76.90
ADNet [ 18] 8753 6243 7731 7576
Q-Net [43] 9025 6592  78.19 78.15
CAT-Net [32] 90.54 6685 7971 79.03
RPT [55] 89.90 6691 8078 79.19
GMRD [8] 90.00  67.04 8029 79.11
Ours (DU-Net) | 9071  69.10 8176 80.52

Table 2: Comparison of qualitative results with other FS-
MIS methods on CMR under Settings 1. Dice score (%)
is used as the metric, the best value is shown in bold, the
second-best value is underlined.

dataset, achieving a 1.41% improvement in average Dice
score over the previous best-performing method (RPT) and
attaining the highest Dice scores across all three cardiac
structures: LV-BP, LV-MYO, and RV.

In summary, our method exhibits outstanding segmenta-
tion performance across diverse experimental settings and
multi-modal datasets, demonstrating its significant advan-
tages in FSMIS tasks.

ABD-MRI

LIVER

SPLEEN

RK

Support GT SSL-ALPNet Q-Net GMRD Ours

Figure 2: Comparison of qualitative results with other FS-
MIS methods on ABD-MRI.

4.6. Visualization

To facilitate intuitive analysis and comparison, Fig. 2, 3
and 4 visualize segmentation results of the proposed method
and several baseline methods on the ABD-CT, ABD-MRI,
and CMR datasets, respectively. As shown in Fig. 2 and 3,
our method exhibits superior segmentation performance
compared to baseline methods, particularly in accurately
delineating organ boundaries and complex regions on the



ABD-CT

LIVER

SPLEEN

RK

Support GT SSL-ALPNet Q-Net GMRD Ours
Figure 3: Comparison of qualitative results with other FS-

MIS methods on ABD-CT.

LV-MYO LV-BP

RV

SSL-ALPNet Q-Net GMRD Ours

Support GT

Figure 4: Comparison of qualitative results with other FS-
MIS methods on CMR.

ABD-CT and ABD-MRI datasets. As shown in Fig. 4, our
method demonstrates better generalization across the three
cardiac structures on the CMR dataset, effectively allevi-
ating the over-segmentation issues commonly observed in
baseline methods.

Furthermore, to evaluate the reliability of model pre-
dictions, we visualize prediction-level uncertainty maps in
Fig. 5 and 6. Uncertainty maps exhibit uniform, low-
brightness distributions in regions with high prediction con-
fidence, such as the interior of organ structures. Conversely,
regions with high uncertainty display bright responses, such
as organ boundaries or regions affected by imaging artifacts.
Compared to baseline methods, the uncertainty maps gener-
ated by our method provide an intuitive depiction of regions
where the model is “uncertain”, thereby demonstrating the
effectiveness of the proposed method in identifying poten-
tially unreliable predictions.

ABD-MRI

GT Ours u GT Ours u

Figure 5: Visualization results of the untertainty maps gen-
erated by our model on ABD-CT and ABD-MRI.

LV-BP LV-MYO

RV

GT Ours U

Figure 6: Visualization results of the untertainty maps gen-
erated by our model on CMR.

4.7. Ablation Studies

We conducted an ablation study on the ABD-MRI
dataset under setting 2 to systematically evaluate the con-
tribution of each key component to model performance.

1) Component performance: We present the contribu-
tion of each key component of the proposed DU-Net in Ta-
ble 3. We progressively add individual components to val-
idate their effectiveness. First, incorporating the DUSMF
module into the baseline framework improved the average
Dice score by 0.8%, indicating that this mechanism effec-
tively suppresses the interference from high-uncertainty de-
scriptors. Subsequently, after introducing the evidential un-
certainty estimation branch, the average Dice score rises
to 81.18%, demonstrating that uncertainty modeling at the
prediction level based on EDL provides more reliable deci-
sion support for segmentation. Finally, imposing a consis-
tency constraint loss between the segmentation and eviden-



Baseline DUSMF Evidential-Branch  L.,, | Spleen Liver LK RK  Mean
v 7325 80.25 78.65 86.66 79.70
v v 72.61 80.50 81.15 87.73 80.50
v v v 73.06 81.63 81.44 88.59 81.18
v v v v 7349 8297 82.63 89.87 82.24

Table 3: Ablation study for the Component performance. Dice score(%) is used as the metric.

Ligcon Lijs-con Ldice-cof Spleen  Liver LK RK  Mean
73.06 81.63 81.44 88.59 81.18

v 73.00 82.53 80.26 89.35 81.29
v 72.62 8245 79.83 8853 80.86

v 72.61 82.01 79.31 8897 80.73

v v 7327 8193 81.38 89.02 81.40
v v 7322 82.37 81.07 89.46 81.53
v v 73.38 82.76 80.37 88.63 81.29

v v v 73.49 8297 82.63 89.87 82.24

Table 4: Ablation study for the consistency constraint loss

term. Dice score(%) is used as the metric.

Region | Spleen Liver LK RK  Mean
Rioww | 72.66 8224 81.14 89.48 81.38
Ran 73.49 8297 82.63 89.87 82.24

Table 5: Ablation study for the consistency constraint loss
application regions. Dice score(%) is used as the metric.

Ag(max) Annealing | Spleen Liver LK RK  Mean
0.05 v 72.85 8226 79.42 88.07 80.65
0.1 v 7349 8297 82.63 89.87 82.24
0.1 72.52 8293 81.25 89.66 81.59
0.15 v 7299 8237 8141 89.38 81.54

Table 6: Ablation study for the annealing strategy. Dice
score(%) is used as the metric.

Schedule | Spleen Liver LK RK  Mean
0T 74.18 82.54 81.05 88.31 81.52
0.25T 73.47 8239 8148 89.40 81.69
0.5T 7349 8297 82.63 89.87 82.24
0.75T 74.00 8193 83.07 89.46 82.12

Table 7: Ablation study for the delayed activation strategy.
Dice score(%) is used as the metric.

tial uncertainty estimation branches significantly improves
model performance. This improvement can be attributed to
the alignment of the predicted probability distributions be-
tween the two branches, which facilitates bidirectional su-
pervision and collaborative optimization.

2) Consistency constraint loss term: To evaluate the
impact of each loss term on the proposed consistency con-
straint loss, we conduct ablation experiments for both indi-
vidual and combined losses. Table 4 summarizes the aver-

age Dice scores under different loss combinations. Lyj.con
measures the divergence between the predicted probability
distributions of the segmentation and evidential uncertainty
estimation branches, providing a slight improvement in av-
erage Dice when used alone. Ljs.co, promotes distributional
smoothness and alignment to ensure training stability, but
limits gains in segmentation accuracy. Lgice.con Optimizes
regional overlap but may induce distributional deviation and
degrade performance when used alone. Combining Lyjcon
and Lygjcecon improves performance, but may cause gradient
conflicts without stabilization. Introducing Lis.con alleviates
this issue and enables superior segmentation results.

3) Consistency constraint loss application regions: As
shown in Table 5, we compare applying the consistency
constraint loss only in low-uncertainty regions versus all
pixels. Applying the loss to all pixels lowers Dice by 0.86%
relative to low-uncertainty regions, indicating that enforcing
prediction consistency in high-uncertainty regions may ex-
cessively propagate erroneous predictions across branches.

4) Annealing strategy: As shown in Table 6, we ab-
late the annealing strategy of the evidential loss weight A3
in Eq. (29). The results confirm that adopting an anneal-
ing strategy with a maximum weight of 0.1 outperforms
the fixed-weight setting, as it suppresses interference dur-
ing early training and achieves an optimal balance between
segmentation performance and uncertainty modeling.

5) Delayed activation strategy: Table 7 reports the im-
pact of the proposed delayed activation strategy for the con-
sistency constraint loss. We consider four activation sched-
ules: without delay, and activating the loss at 1/4, 1/2, and
3/4 of the training process (denoted as 0T, 0.25T, 0.5T, and
0.75T). The results show that the model achieves the best
performance when the consistency constraint loss is acti-
vated after the midpoint of training. This observation sug-
gests that deferring the activation of consistency constraints
until the model has developed a preliminary stable foun-
dation for modeling uncertainty leads to a more effective
regularization effect.

4.8. Efficiency Analysis

Table 8 compares the efficiency of our DU-Net with
baseline methods on the ABD-CT dataset under Setting 1.
Our method achieves effective uncertainty modeling with
only a marginal increase in computational overhead and in-
ference time over baselines, demonstrating its superiority.



Method #Params FLOPs  Time GPU
SSL-ALPNet [35] 0.5M 11.5G  46.7ms 1.3GB
Q-Net [43] 18.6M 498G 184ms 4.1GB
GMRD (8] 10.9M 33.0G 27.2ms 5.9GB
Ours (DU-Net) 11.2M 345G 27.7ms 6.0GB

Table 8: Efficiency analysis. “#Params” denotes the num-
ber of parameters, "FLOPs” denotes the computational cost,
“Time” denotes the the inference time per volume and
”GPU” denotes the peak GPU memory consumption.

01 | Spleen Liver LK RK  Mean
0.05 | 72.80 83.33 79.87 88.93 81.23
0.1 | 7349 8297 82.63 89.87 82.24
0.2 | 72.75 8251 81.59 89.39 81.56
05 | 72.14 82.06 8136 89.71 81.32

Table 9: Sensitivity analysis of the hyperparameter 1,
where 0o = 0.1. Dice score(%) is used as the metric.

d2 | Spleen Liver LK RK  Mean
0.05 | 73.09 8236 8143 88.96 81.46
0.1 | 7349 8297 82.63 89.87 82.24
02 | 7235 8243 80.32 89.33 8I.11
0.5 | 7299 82.13 79.76 8895 80.96

Table 10: Sensitivity analysis of the hyperparameter Jo,
where d; = 0.1. Dice score(%) is used as the metric.

B | Spleen Liver LK RK  Mean
0.6 | 7291 8198 80.16 89.55 8I.15
0.8 | 7341 81.62 82.69 89.51 81.81
1.0 | 7349 8297 82.63 89.87 82.24
1.2 | 73.64 8248 81.24 89.60 81.74

Table 11: Sensitivity analysis of the hyperparameter (.
Dice score(%) is used as the metric.

(e,0) Spleen Liver LK RK  Mean
0.6,04) | 73.61 8217 81.50 88.21 81.37
(0.7,0.3) | 73.40 82.84 80.85 89.78 81.72
0.8,02) | 73.49 8297 82.63 89.87 82.24
0.9,0.1) | 72.83 82.62 7995 89.39 81.20

Table 12: Sensitivity analysis of the hyperparameters € and
. Dice score(%) is used as the metric.

4.9. Hyperparameter Analysis

As shown in Tables 9—12, we conduct a hyperparameter
sensitivity analysis on the ABD-MRI dataset under setting
2. Specifically, d; and J, represent descriptor-level uncer-
tainty scaling coefficient in Eqs. (14)—(15), 3 represents the
threshold coefficient in Eq. (19) and € and 6 represent the

weight balancing coefficients in Egs. (23)—(25).

When §; = d = 0.1, the model achieves the optimal
performance. Specifically, smaller values inadequately sup-
press noise of high-uncertainty descriptors, while larger val-
ues weaken discriminative features, reducing segmentation
accuracy. The threshold coefficient 8 reaches its best per-
formance at 5 = 1.0, while larger or smaller values lead to
slight performance degradation, indicating that overly ag-
gressive or conservative uncertainty filtering disrupts the se-
lection of reliable supervision regions under the consistency
constraint. For weight balancing coefficients, we evaluate
various weight pairs (¢,60) under the constraint € + 6§ = 1
to focus on the relative balance between uncertainty-aware
adaptation and base supervision without altering the opti-
mization dynamics. The configuration (g,0) =(0.8,0.2) de-
livers the best overall performance, suggesting that empha-
sizing uncertainty-aware adaptive weighting while retaining
a moderate base term enhances segmentation reliability.

5. Conclusion

This paper proposes DU-Net, a novel framework that
utilizes EDL to model uncertainty at both the descriptor
and prediction levels, leveraging dual-level uncertainty to
guide segmentation. The DUSMF module is introduced to
estimate the uncertainty of the descriptor level, and sup-
presses noise from high-uncertainty descriptors. The Evi-
dential Dual-Branch Prediction module enables joint opti-
mization between segmentation and evidential uncertainty
estimation, with the two branches mutually supervised
through a consistency constraint applied to low-uncertainty
regions. Extensive experiments on three public medical im-
age datasets demonstrate that DU-Net not only improves
segmentation accuracy but also enhances prediction inter-
pretability, offering a promising approach for high-quality
segmentation under limited labeled data.
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