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Abstract: Medical image segmentation is critical for clinical diagnosis, but the scarcity of annotated data limits robust model
training, making few-shot learning indispensable. Existing methods often suffer from two issues—performance degradation due to
significant inter-class variations in pathological structures, and overreliance on attention mechanisms with high computational
complexity (O(n?)), which hinders the efficient modeling of long-range dependencies. In contrast, the state space model (SSM)
offers linear complexity (O(n)) and superior efficiency, making it a key solution. To address these challenges, we propose PPFFR
(parallel prototype filter and feature refinement) for few-shot medical image segmentation. The proposed framework comprises
three key modules. First, we propose the prototype refinement (PR) module to construct refined class subgraphs from encoder-
extracted features of both support and query images, which generates support prototypes with minimized inter-class variation. We
then propose the parallel prototype filter (PPF) module to suppress background interference and enhance the correlation between
support and query prototypes. Finally, we implement the feature refinement (FR) module to further enhance segmentation
accuracy and accelerate model convergence with SSM’s robust long-range dependency modeling capability, integrated with
multi-head attention (MHA) to preserve spatial details. Experimental results on the Abd-MRI dataset demonstrate that FR with
MHA outperforms FR alone in segmenting the left kidney, right kidney, liver, and spleen, and in terms of mean accuracy,
confirming MHA’s role in improving precision. In extensive experiments conducted on three public datasets under the 1-way 1-
shot setting, PPFFR achieves Dice scores of 87.62%, 86.74%, and 79.71% separately, consistently surpassing state-of-the-art
few-shot medical image segmentation methods. As the critical component, SSM ensures that PPFFR balances performance with
efficiency. Ablation studies validate the effectiveness of the PR, PPF, and FR modules. The results indicate that explicit inter-
class variation reduction and SSM-based feature refinement can enhance accuracy without heavy computational overhead. In
conclusion, PPFFR effectively enhances inter-class consistency and computational efficiency for few-shot medical image
segmentation. This work provides insights for few-shot learning in medical imaging and inspires lightweight architecture designs
for clinical deployment.
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1 Introduction

Automatic segmentation of medical images is cru-
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the rapid development of deep learning, existing medi-
cal image segmentation methods are primarily based
on deep learning frameworks. UNet (Long et al.,
2015), based on fully convolutional networks, has
been improved and is widely used due to its simple
encoder—decoder architecture. Zhou et al. (2018) con-
structed UNet++, an extension of UNet, which effec-
tively used multi-scale features by constructing mul-
tibranch and cross-layer dense connections, and intro-
duced more convolutional layers in the skip connec-
tions for better feature fusion. Isensee et al. (2021) pro-
posed nnUNet, which integrated 2D-UNet, 3D-UNet,
and UNet Cascade, employing the Leaky ReL.U func-
tion instead of the traditional ReL.U, enabling it to handle
both two-dimensional (2D) and three-dimensional (3D)
medical images. With the rise of the Mamba structure,
new modifications of UNet have emerged. UMamba
(Ma et al., 2024) and SwinUMamba (Liu JR et al.,
2024) were proposed for medical image segmentation,
demonstrating strong segmentation performance. How-
ever, existing methods primarily focus on fully super-
vised training, which relies on a large amount of well-
labeled data. In contrast, few-shot learning (FSL) aims
to achieve high segmentation performance with only a
few annotated samples, making it a promising solution
for medical image segmentation where annotations are
often scarce and expensive to obtain.

However, training robust and reliable segmenta-
tion models typically requires a large number of an-
notated medical images. The annotation process is not
only labor-intensive and time-consuming, but also re-
quires domain expertise from experienced clinicians
(Hu et al., 2019; Ouyang et al., 2020; Teng S et al.,
2022). The heterogeneity in lesion morphologies fur-
ther complicates the effectiveness of labeled data, pos-
ing significant challenges to model training (Qu et al.,
2019; Patel and Dolz, 2021).

FSL based on meta learning has become a po-
tential solution to mitigate the dependence on extensive
annotations (Luo et al., 2022). It enables the predic-
tion of new, unseen classes using only a small number
of labeled samples, without requiring computationally
intensive model retraining (Tang et al., 2022).

Although meta-learning-based FSL frameworks
have demonstrated potential in data-scarce scenarios,
their direct application to medical image segmenta-
tion tasks still faces the core challenge of feature drift
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between the support and query sets, which may cause
prototype inconsistency. The heterogeneous anatomi-
cal complexity of medical images and the low con-
trast of lesion regions introduce additional challenges.
Therefore, the few-shot segmentation models must
effectively extract task-relevant discriminative features
from a limited number of annotated samples, and ac-
curately correlate features with unannotated query im-
ages to achieve precise segmentation. Currently, few-
shot medical image segmentation predominantly relies
on prototype-based methods, which generate multiple
prototypes to aid the segmentation of unseen classes.
Therefore, the quality of the generated prototypes di-
rectly influences model segmentation performance.
Dong and Xing (2018) first proposed a prototype-
based few-shot image segmentation framework, lay-
ing the foundation for few-shot medical image segmen-
tation. SSLALP Net (Ouyang et al., 2020) introduced
an adaptive local prototype pooling method, generat-
ing foreground and background prototypes for support
images separately. To address the issue of high intra-
class variation in medical images, Teng PR et al. (2024)
proposed a prototype split module, which iteratively
decomposes the support image mask into submasks,
while Zhu YZ et al. (2023) designed a regional proto-
type generation module. To enhance the integration
of background and foreground information in query im-
ages and achieve higher-quality query prototypes, the
adaptive prototype module (Shen Y et al., 2024) was
proposed. Huang SQ et al. (2023) constructed the vec-
tor quantization (VQ) framework from a learned VQ
perspective and designed a self-organizing VQ itera-
tive workflow, including grid format, self-organizing,
and residual oriented VQ. In terms of effectively using
support and query prototypes, SENet (Guha Roy et al.,
2020) is the first to apply a dual-branch interaction
model in the field of few-shot medical image segmen-
tation, providing a novel idea for subsequent interac-
tions between support and query prototypes. To bet-
ter capture intra-class variation and improve segmen-
tation performance, Cheng ZM et al. (2024) constructed
multiple representative descriptors based on support
and query prototypes and fused these descriptors
using a prediction-based multi-affine map. Zhang YM
et al. (2024) designed a prototype correlation match-
ing module to explore the matching relationship be-
tween support and query prototypes by incorporating a
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self-attention mechanism and an optimal transport al-
gorithm. Huang WD et al. (2025) proposed prototype-
guided graph reasoning, fully incorporating contex-
tual information through dynamic graph convolution
between support and query prototypes.

To address the aforementioned challenge, exist-
ing approaches have focused on designing effective
interaction mechanisms to enhance prototype align-
ment, thereby improving medical image segmenta-
tion performance (Lin et al., 2023; Awudong et al.,
2024; Wu et al., 2024). Zhu YZ et al. (2023) designed
a bias alleviation Transformer module to mitigate the
effects of large intra-class variations by using a self-
selection mechanism and multi-head attention (MHA).
Awudong et al. (2024) proposed an attention genera-
tor discriminator network to enhance the discrimina-
tion of distinct segmentation regions by refining pre-
dictions of unlabeled data and extracting local spatial
information. Lin et al. (2023) proposed a cross-mask
attention module to enhance information interaction
between support and query prototypes. However, most
of these approaches rely on the attention mechanism
for information integration and feature interaction,
which is computationally intensive. The Mamba ar-
chitecture, based on state space models (SSMs), is a
promising solution for this computational burden and
can provide strong capabilities in long-range sequence
modeling (Gu and Dao, 2023; Zhu LH et al., 2024).

Therefore, by considering both the label and
computation efficiency challenges, we present an
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end-to-end parallel prototype filter and feature refine-
ment network, named PPFFR (Fig. 1). Specifically,
we first propose a prototype refinement (PR) module
to refine the prototypes of the support and query sets,
which aims to reduce inter-class difference and im-
prove prototype consistency. Then, we propose a par-
allel prototype filter (PPF) module to obtain high-
quality prototypes and a design feature refinement (FR)
module based on SSMs to enhance computational
efficiency. The cooperation between the PPF and FR
modules can effectively extract multi-scale features in
low-annotation scenarios, not only improving compu-
tational efficiency but also enhancing segmentation
performance. The main contributions are summarized
below:

1. We propose a few-shot medical image seg-
mentation method based on PPF and feature refine-
ment, named PPFFR. It can significantly improve seg-
mentation performance under an extremely limited da-
taset scenario.

2. We design the PPF module, which filters
support and query prototypes to reduce background
interference. Additionally, residual connections are used
to enhance the interaction between these prototypes,
minimizing the loss of original image information.

3. To further mine the label’s features at differ-
ent levels and improve computing efficiency, we con-
struct an FR module based on SSMs. This module can
fully leverage the powerful long-range dependency
modeling and high computational efficiency of SSMs.

Parallel
prototype
filter

Feature
refinement
Reshape

Prediction

Fig. 1 Overview of the proposed PPFFR network architecture
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Additionally, it can make good use of convolutional
blocks, which have the ability to extract multi-scale
local features.

4. Extensive experiments are conducted on three
medical image datasets to demonstrate that our pro-
posed PPFFR outperforms existing few-shot medical
image segmentation methods.

2 Methods

2.1 Problem definition

For the few-shot segmentation (FSS) task in medi-
cal imaging, the class set for the training dataset
Dtrain
and the class set for the test dataset D
{ci, ¢y 0, ¢, }, containing n

is Cyyy={cy, ¢y, *++, ¢, }, containing n,,, classes,
test ls Ctest:

classes. Typically,

test
there are no overlapping classes between training
and testing sets (i.e., C,,,[1C=9) in few-shot med-
ical image segmentation. First, the segmentation model
is trained with the training dataset D, and is then
evaluated on the test dataset D, where only a small,
labeled subset from C, is available (Ouyang et al.,
2020). The FSS problem in medical imaging generally
follows a meta learning paradigm. Both the training and
testing sets are randomly sampled to generate multiple
episodes, each containing a support set S and a query
set Q. During training, the support set {X, ¥/}~

i

test

contains K support images X, and their correspond-
ing classes Y, while the query set contains a single
query image X and its class ¥ In the test phase,
the support set {X, ¥ X | also contains K support
images X; and their classes Y., where the classes
come from unseen categories in C,, and the query
image from D, FSS corresponds to an N-way K-shot
learning task, where N-way indicates that the support
set S contains N classes, and K-shot means that there
are K samples per class. Following the setup of other
FSS methods (Ouyang et al., 2020; Huang WD et al.,
2024; Li et al., 2024), we use the 1-way 1-shot setting
under fivefold cross-validation.

2.2 Architecture overview

The proposed PPFFR framework, as depicted in
Fig. 1, is specifically designed for few-shot medical
image segmentation tasks. It integrates several ad-
vanced components to address the challenges posed
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by limited training data and the need for efficient com-
putation. The framework comprises four main mod-
ules, each playing a crucial role in the segmentation
process.

2.2.1 Feature extraction module

The feature extraction module is responsible for
extracting discriminative features from both the sup-
port and query images, with a focus on enhancing fea-
ture robustness under low-dose CT conditions (e.g., 10—
50 mAs radiation dose, 512x512 resolution). We
employ the ImageNet pretrained ResNet101 (Liu JR
et al., 2024) as the backbone encoder, which has
demonstrated strong feature extraction capability in
various computer vision tasks. Specifically, ResNet101
outperforms lightweight networks (e.g., MobileNetV?2
and ShuffleNetV2) in preserving edge and texture fea-
tures, as shown in Table 1.

Table 1 Feature extraction performance of different
backbones on the low-dose CT image

e El e gy Conmaions
ResNet101 89.243.1 0.87+0.04 15.2
MobileNetV2 76.5+4.3 0.79+0.06 3.8
ShuffleNetV2 72.3+£5.2 0.75+0.07 2.1

The encoder processes support image I°cR”"*3
(e.g., H=W=256 for abdominal CT slices) and query
image I'%R™"* to generate the corresponding sup-
port features FeR”*>"322%% (gpatial resolution is
reduced to 1/32 via strided convolutions) and query

eRABPWBLA48  The multi-scale feature

features F*
maps from ResNet101’s stages (stages 1-4) are fused
to capture hierarchical information, where stage 1
(64 channels, 128x128 resolution) focuses on low-
level edge features, and stage 4 (2048 channels, 8x8
resolution) captures high-level semantic features (e.g.,
organ contours).
The feature extraction process can be mathemat-
ically represented as
F*=ResNet101(1% 6 ) (1)

> Y pretrained

F=ResNet101 ( Iq; Hpretrainéd )’ (2)



Zhu et al. / Front Inform Technol Electron Eng 2025 26(11):2143-2158

where 6 denotes the pretrained parameters of

retrained
ResNetlr())l, and the forward pass includes 101 con-
volutional layers with batch normalization (momen-
tum=0.9, weight decay=1e-4) and ReLU activation.
For low-dose CT image denoising, an additional adap-
tive thresholding layer is inserted after stage 3, which
adjusts the feature response threshold r based on

noise level o (estimated via 0=0.12std (1%)):
Flnea( 2,9)=F(x,3), if|[Fi(x,y) Pe(o). (3)

where 7(0)=1.56+0.02 (empirically determined from
500 low-dose CT samples). This adjustment reduces
noise-induced feature interference by an average of
31.7% (measured by feature variance reduction), as
validated in the experiments.

2.2.2 Prototype refinement module

The PR module aims to generate refined proto-
types for both support and query images. Given the
support features F°, support mask M°, and query fea-
tures F9, the module computes the initial prototypes
and refines them to reduce inter-class variations. The
initial support prototype P° is calculated by averag-
ing the support features within the region specified
by the support mask:

s 1 s(:
P :ﬁZiERSF (i), )

S

where R, is the region of interest in the support im-
age, and NV, is the number of pixels in R,. Similarly,
the initial query prototype P¢ is computed from the
query features. The refined prototypes P* and P? are
obtained by minimizing the inter-class variance, which
can be formulated as

~ A (‘
P, P=arg min 2(12 N E@)-P ()P
PP NC TER (5)

1
S | FAD-PAR

where C is the number of classes, R, and R are the
regions of class ¢ in the support and query images,
respectively, and N, is the number of pixels in each
region.
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2.2.3 Parallel prototype filter

The PPF module is designed to filter out infor-
mation interference and enhance the interaction be-
tween the support and query prototypes, as well as
between local and global prototypes. This module op-
erates on the refined prototypes P and P? to generate
filtered prototypes P* and PY. The filtering process
can be represented as

P=PPE( P, PY), (6)

Pi=PPF( P, P*), (7)

where PPF (-,-) denotes the parallel prototype filter-
ing operation. This operation leverages the similarity
between the support and query prototypes to sup-
press irrelevant information and enhance the relevant
features.

2.2.4 Feature refinement module

The FR module is the core component of the
PPFFR framework, designed to further refine the fea-
tures using SSM (Ma et al., 2024) and multi-scale
convolution blocks. SSM is introduced to model long-
range dependencies efficiently, addressing the limita-
tions of traditional convolution operations, which have
difficulty in capturing the global context. SSM pro-
cesses the filtered prototypes P* and P? to generate
refined features F* and F°. The SSM operation can be
mathematically described as

F(t)=AF(1-1)+BP(¢), (8)
F(1)=AF%(t-1)+BP(¢), 9)

where A and B are the state transition matrix and in-
put matrix, respectively, and ¢ denotes the time step
in sequential processing. In addition to SSM, the FR
module employs multi-scale convolution blocks to fil-
ter out irrelevant information and improve computa-
tional efficiency. The multi-scale convolution opera-
tion is defined as

qulti-scale: kex W/c*F’ (10)
where « is the set of convolution kernel sizes, W, is
the convolution kernel of size k, and * denotes the

convolution operation. This multi-scale processing
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allows the module to capture features at different res-
olutions, enhancing the model’s ability to segment
objects of varying sizes.

To evaluate the computational efficiency of the
FR module, we conduct experiments to compare the
model with and without SSM. As shown in Table 2,
PPFFR with SSM has significantly lower computa-
tional cost and a manageable parameter count com-
pared to PPFFR without SSM. This shows that SSM
effectively reduces the computational burden and
model size, making the FR module more efficient
and suitable for real-time applications.

Table 2 Comparison of PPFFR with or without SSM in
terms of the computational cost and number of parameters

Computational cost Number of

Method (FLOP) parameters
PPFFR with SSM 64185415135 60757185
PPFFR without SSM 91131998208 50327057

2.3 Prototype refinement module

In existing few-shot medical image segmenta-
tion methods (Zhang GW et al., 2021; Lin et al.,
2023; Li et al., 2024), to achieve better segmentation
results, masked average pooling (MAP) was applied
to the feature map of the support image F* using
the support mask, generating prototypes correspond-
ing to the foreground and background. However, this
type of method overlooks the variations in the size
and shape of different diseased organs (i.e., signifi-
cant inter-class differences).

To address the above challenges, inspired by the
Voronoi method and the partitioning approach in
Aurenhammer (1991) and Zhu YZ et al. (2023), we
employ standard K-means clustering to divide the
foreground mask into N subregions. The number of
subregions N is adaptively determined based on the
area of the foreground mask:

Area
A

min

N=max (2, round

), (11)

where Area denotes the number of pixels in the fore-

ground region and A4, =100 pixels is the empirically

min

validated minimum subregion area. This adaptive ap-
proach ensures: (1) small lesions (<400 px?) yield N=2

Zhu et al. / Front Inform Technol Electron Eng 2025 26(11):2143-2158

(coarse partitioning); (2) large lesions (>10000 px*)
yield N=10 (fine-grained partitioning). This ensures
that each subregion contains at least 100 pixels, bal-
ancing granularity and computational efficiency. Then,
MAP is applied to the support feature F*eR“"" using
the subdivided mask. This process generates a set of
refined support prototypes, which are then concate-
nated to form the support prototype group P,.

P;=stack{i>;=MAP(FS@M;)}, i=1,2,-++,N, (12)

where M is the mask of the i" subregion and N is
the number of subregions. To enhance the correlation
between the support prototype and the query proto-
type, the support image mask M* and the support im-
age feature map F* are subjected to MAP, generating

S

the global support prototype P

global*
W H
SNM(x,9)F(x,)
P =MAP(M®, F* )= , (13)
SHM(x,y)
=1

x=1y
where M*(x,y)e(0, 1) represents the binary mask.
The cosine similarity between the global support pro-
totype P, and the query image feature map F* is
calculated along the channel dimension to obtain the
query image mask M9,

C
DFI(C) Plypar (€)
Mq: c=1 ,

D(FU)) [ (P (€))’

(14)

where C is the number of channels in the feature map.
The query image mask M and the query image fea-
ture map F? are subjected to MAP to obtain the query
image prototype Pe.

The whole structure of the PR module is shown
in Fig. 2.

2.4 Parallel prototype filter

To obtain a high-quality query prototype, Shen Y
et al. (2024) proposed an adaptive prototype module
(APM), which filters the foreground and background
of the query mask using a predefined fixed threshold.
Although this method can yield high-quality query pro-
totypes, a fixed threshold limits its generalization
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Fig. 2 Structure of the prototype refinement module

capability. In addition, only the query prototype is
filtered, and the support prototype is ignored. To
address these issues, we introduce a PPF module to
filter both the query and support prototypes, thereby
improving the overall segmentation performance
(Fig. 3).

o 0
< 0]0
PQ oo | oo
0]o0

0fo Softmax
k1 o | o

e : Yy
. Laver
normalization

AT
U
Softmax

Fig. 3 Structure of the parallel prototype filter module

First, to preliminarily filter out background in-
formation and noise interference in the prototypes,
threshold values k, and £, are set for the support pro-
totype group P; and query prototype P, respectively.

k,=min P; (x,y)+max P;(x,y)+mean (P;(x,y)),(15)
k,=min P9 (x,y)+max P?(x,y)+mean (P (x,y)),(16)

where min, mean, and max denote the minimum, av-
erage, and maximum values, respectively. It can be
observed that the threshold values are adjusted ac-
cording to the support and query prototypes. Then,
thresholding is applied to P; and P to obtain the fil-
tered prototypes S, and S,, respectively.

0, Py(x,y)<k,,
S, (Pi(xy))= 17
LLACO IR
~ 05 ﬁq(xay)Sk >
S,(Pi(xy))=y . ? (18)
o, PY(x,y)>k,.

In practical deployment, the infinity assignment
is replaced by a large scalar L=—10° to ensure nu-
merical stability during gradient computation. This
preserves the mathematical intention of emphasizing
significant features while maintaining training stability
(Table 3).

Table 3 Comparison of segmentation accuracy between
soft and hard thresholds in PPF on the Abd-MRI dataset
under setting 2

Dice score (%)

Method -
LK RK Liver Spleen Mean
Soft threshold ~ 83.40 90.80 84.56 74.46  83.31
Hard threshold 79.64 9238 88.59 59.87 80.12

The set-to-large-value+softmax design (Eq. (8))
outperforms hard thresholding for two fundamental
reasons:
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1. Gradient flow preservation: Softmax provides
differentiable gradients for end-to-end training, whereas
hard thresholding causes gradient discontinuities.

2. Information retention: Residual connections

(S . +P;) coupled with softmax retain the original fea-

ture distributions while amplifying important signals,
empirically verified to improve the segmentation
Dice score by 3.2 percentage points (PPs) compared
to hard thresholding.

To prevent the filtered prototypes from losing rich
semantic information from the original image and
enhance the information flow between the support
prototype group and the query prototype, the filtered
prototypes 8, and S, are added to P; and P using the
residual connections. After applying the softmax func-
tion, the results are multiplied to produce the output
P; as shown below:

P;=softmax S, +P; )-softmax (§,+P*)". (19)

Due to the parallel structure of the network, the
correlation between the support prototype group and
the query prototype is weakened. To address this
issue, the support prototype groups P; and P; are
added and layer normalization is conducted, obtain-
ing the output P;,.

P;,=LN(P;+P;)

out

(20)

2.5 Feature refinement module

Transformers, such as the swin Transformer (Liu
Z et al., 2024), cross mask attention Transformer (Lin
et al., 2023), and mixed informed Transformer (Li et al.,
2024), have demonstrated remarkable capability in
capturing long-range dependencies. However, the self-
attention and MHA mechanisms within these models
suffer from quadratic computational complexity, O(n?),
where n represents the sequence length. This high com-
plexity leads to substantial computational overhead,
limiting their practical applications.

Recently, Mamba (Gu and Dao, 2023) has emer-
ged as a promising alternative for modeling image
data. It selectively discretizes input sequences and pa-
rameterizes SSM parameters based on the inputs. By
compressing context into a more compact state, as
described by z=Az,_,+Bx,, where z, is the state at time
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t, x, is the input at time ¢, A and B are critical SSM
parameters. Specifically, A4 is the state transition ma-
trix, which defines how the state evolves from the pre-
vious time step z,_, to the current state z,, capturing
the internal dynamics of the system. B is the input
matrix, which controls the extent to which the input
x,_, influences the current state z,. In the Mamba model,
these parameters are optimized through structured de-
sign and efficient computation, thereby significantly
accelerating both training and inference processes.
However, due to its inherent one-dimensional (1D)
processing nature, Mamba faces the risk of losing
cross-dimensional information and may exhibit in-
stability during training.

To address these limitations, we propose the FR
module, which integrates SSM, MHA mechanisms,
and multilayer perceptron (MLP). The SSM compo-
nent in the FR module is designed to efficiently model
sequential dependencies while minimizing comput-
ational costs. The MHA mechanism is defined as

OK"

k

Attention (Q, K, V' )=softmax ( Vv, (21)

where Q, K, and V are query, key, and value matri-
ces, respectively, and d, is the dimension of keys. This
mechanism is employed to capture global contextual
information and enhance the model’s ability to focus
on relevant features. MLP, comprising linear transfor-
mations and nonlinear activation functions, further re-
fines the features extracted by SSM and MHA.

To address the logical consistency of integrating
SSM and MHA in the FR module, we conduct abla-
tion studies on the Abd-MRI dataset to clarify their
distinct roles and synergistic effects. As shown in
Table 4, quantitative results validate that the FR module
with MHA outperforms that without across all target
organs.

This indicates that MHA plays a critical role in
capturing fine-grained spatial correlations within local

Table 4 Ablation study of FR with or without MHA on the
Abd-MRI dataset under setting 2

Dice score (%)

Method -
LK RK  Liver Spleen Mean
FR with MHA 83.48 90.80 84.56 7446 83.33
FR without MHA 64.61 86.01 84.54 73.56 77.18
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regions, complementing SSM’s strength in modeling
long-range dependencies. Specifically, MHA enhances
the model’s ability to distinguish ambiguous bound-
aries (e.g., between the liver and adjacent tissues) by
computing pair-wise similarities.

Ablation on SSM (Table 2) shows that PPFFR
with SSM achieves a 29.6% reduction in computa-
tional cost (6.42x10" vs. 9.11x10'"). This confirms
SSM’s role in replacing the high-cost global atten-
tion mechanism for long-range modeling, via its lin-
ear complexity state transition:

h=Ah,_+Bx.,. (22)

The FR module leverages SSM to model the
global anatomical context efficiently while using MHA
to refine local spatial details, avoiding the “one size
fits all” inefficiency of pure attention or SSM. This
hybrid design resolves logical inconsistency using task
decomposition: SSM handles long range dependencies
(e.g., organ-to-organ spatial relationships), and MHA
focuses on local feature alignment (e.g., boundary
refinement).

As shown in Fig. 4, the output of PPF is first re-
shaped into a tensor of sizes [B, C, H, W], where B
denotes the batch size, C represents the number of
channels, and H and W stand for the height and width
of the feature map, respectively. To enhance the multi-
scale representation capability of the feature map,
convolution kernels of different sizes are applied to
extract multi-scale features. Mathematically, for a con-
volution kernel of size kxk, the convolution opera-
tion can be expressed as

V(i )= > Sx(itm,j+n)w(m,n),

m=0n=0

(23)

where x is the input feature map, w is the convolu-
tion kernel, and y is the output feature map. The two
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feature maps obtained from different convolution ker-
nels are then added, and a 1x1 convolution is fol-
lowed to fuse the multi-scale features. The 1x1 con-
volution operation is defined as
c-1

2(1.)= 2 (0. )v(e), (24)
where v is the 1x1 convolution kernel, and z is the
fused feature map. Since convolution operations have
difficulty in modeling long-range dependencies due
to their local receptive fields, SSM is introduced to
process the features. Based on the concept of residual
learning, the reshaped input is added to the output of

SSM to facilitate the flow of gradients during train-
ing. The residual connection is given by

0=h-+x, (25)
where o, is the output after the residual connection.
To retain multidimensional spatial information, the
reshaped feature map is processed through the MHA
mechanism and MLP. MLP, consisting of two linear
transformations and a nonlinear activation function,
further refines the features extracted by the MHA
mechanism. The MLP operation is expressed as

y=o(W,o(W x+b,)th,), (26)
where W, and W, are weight matrices, b, and b, are
bias vectors, and o is the nonlinear activation function.
Finally, the cosine similarity between the module’s
output and the query prototype is calculated to obtain
the segmentation probability map. The cosine simi-
larity between two vectors @ and b is given by
b

o a
similarity=————

lall- T @7)

In our experiments on the Abd-MRI dataset, we
conduct an ablation study to evaluate the impact of

3x3 ':Iljlz' 3x3| |

Comvl»(siu

Conv Conv|
@ Layer o 1x1
norm ~|Conv
Silu

Reshape

ao—(R

MHA (> MLP

Fig. 4 Structure of the feature refinement module, where Silu is the activation function
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MHA on the FR module. As shown in Table 4, the FR
module with MHA achieves higher segmentation ac-
curacy for various organs and a higher mean accuracy
compared to the FR module without MHA. This indi-
cates that MHA plays a crucial role in improving the
model’s segmentation performance by capturing the
global contextual information.

In summary, the FR module, by combining SSM,
MHA, and MLP, effectively addresses the limitations
of existing models. It not only improves segmenta-
tion accuracy but also reduces computational com-
plexity, making it a promising solution for few-shot
medical image segmentation tasks. To ensure the re-
producibility of our results, we plan to publicly release
our source code and provide detailed implementation
instructions. To provide a more intuitive understand-
ing of each component’s role in the FR module, we
will conduct further qualitative analysis, such as visu-
alizing the attention maps of the MHA mechanism
and the feature maps processed by SSM.

2.6 Loss function

The PPFS network is trained in an end-to-end
manner. The cross-entropy loss between the ground-
truth mask of the query image 7¢ and the predicted
mask M from the model is defined as

1 & ~
Lscg:_ﬁ zMiq lg Miq> (28)
i=1
where N represents the total number of pixels in the
image. Additionally, the commonly used Dice loss in
medical image segmentation is combined, with a def-
inition as follows:
cC N R
2 zzM,.q~ N

:1 c=1i=1
5’

where C denotes the number of classes. Aiming at
the issue of blurry boundary, the boundary loss is in-
troduced (Ma et al., 2021):

Lip=> 6:.(P)sy(P),

L

(29)

Dice

(30)

where QeR"™"¢ represents a domain space, and ¢,

is the boundary set of the predicted mask. If an ele-
ment p belongs to the set, then ¢ ., ( p)=—D(q), where
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D is the distance between the ground-truth mask M1
and the predicted mask M. If an element p does not
belong to the set, then ¢ .(p)=D(q). s p) denotes

the softmax output of element p. In summary, the total
loss function of the model is defined as follows:

Ly =Loeg T LT Ligp

total Dice

€2y

3 Results

3.1 Datasets and evaluation

The performance of the proposed PPFS method
is evaluated on the following three publicly available
datasets:

1. SABS (Kavur et al., 2021): MICCAI 2015
Abdominal Labeling Challenge dataset, which includes
13 classes (LK, RK, spleen, liver, gallbladder, esopha-
gus, stomach, aorta, inferior vena cava, portal vein and
splenic vein, pancreas, right adrenal gland, and left
adrenal gland). It contains a total of 30 abdominal CT
sequences.

2. Abd-MRI (Zhuang, 2018): ISBI 2019 Com-
bined Healthy Abdominal Organ Segmentation Chal-
lenge dataset. It includes four classes of LK, RK, spleen,
and liver, with a total of 20 abdominal MRI sequences.

3. Cardiac-MRI (Zhuang, 2018): MICCAI
2019 Multisequence Cardiac MRI Segmentation Chal-
lenge dataset, including three classes of left ventricular
blood (LVB) pool, left ventricular myocardium
(LVM), and right ventricle (RV). It contains a total of
35 cardiac MRI sequences. The Dice coefficient, com-
monly used in existing methods (Ouyang et al., 2020;
Luo et al., 2022a, 2022b; Lin et al., 2023), is adopted
as the evaluation metric.

To ensure fairness and validity of the experiments,
all datasets are preprocessed, and super pixels are gen-
erated based on the procedure described in Ouyang
et al. (2020). A 1-way 1-shot fivefold cross-validation
evaluation is conducted. Experiments are conducted
under two different settings.

Setting 1: The test classes may appear in the
background of the training set; i.e., they may implic-
itly participate in the training process of the model.

Setting 2: All slices containing the test classes
are removed from the training set; i.e., all test classes
are unseen during model training.
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3.2 Implementation details

All the experiments are implemented using
PyTorch. Each 3D sequence is converted into multiple
2D slices and resized to 256%256 pixels. For the train-
ing data, common augmentation techniques such as
rotation, intensity normalization, and resampling are ap-
plied. The model is trained for 40000 iterations using
the SGD optimizer. The learning rate is set to 0.001
for the Abd-MRI and CMR datasets, and to 0.000 95
for the Abd-CT dataset, with a batch size of 1. The ex-
periment is conducted on a single NVIDIA RTX 3090
GPU, with each epoch taking approximately 2.5 h.
The minimum subregion area 4,,,=100 pixels is em-
pirically validated on the SABS dataset, achieving
an optimal Dice, when 50 pixels<4,,, <150 pixels.

min

3.3 Comparison with the state-of-the-art FSS
method

The proposed PPFS method is compared with
existing methods, including ADNet (Hansen et al.,
2022), PANet (Wang et al., 2019), ALPNet (Ouyang
et al., 2020), CATNet (Lin et al., 2023), QNet (Shen
QQ et al., 2023), RPTNet (Zhu YZ et al., 2023), and
GMRDNet (Cheng ZM et al., 2024). PANet is a
typical prototype-based few-shot segmentation method.
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ALPNet provides a classic dataset preprocessing
technique, which is widely adopted by researchers.
CATNet characterizes an improved attention mecha-
nism of the Transformer model. QNet is a representa-
tive method for few-shot medical image segmentation,
and GMRDNet addresses intra- and inter-class varia-
tions in few-shot segmentation. Experimental results
are shown in Tables 5-7, demonstrating that the pro-
posed method outperforms existing methods across all
three datasets under both setting 1 and setting 2. In
setting 1, the proposed PPFS method achieves Dice
scores of 87.62%, 86.74%, and 79.71% on the Abd-
MRI, SABS, and CMR datasets, respectively. In set-
ting 2, the Dice scores on the Abd-MRI and SABS
datasets reach 83.33% and 85.73%, respectively.
These results indicate that the proposed method ex-
hibits superior segmentation performance and gener-
alization capability compared to existing methods.

To intuitively demonstrate the effectiveness of
the proposed method, Figs. 5 and 6 show the visual-
ization results of different methods under setting 1.
In the segmentation of the LK, existing methods can
segment the main part of the target region, but mis-
takenly segment part of the spleen area as the LK.
The proposed method, with its PR module, effectively

Table 5 Performance comparison of different methods on the Abd-MRI (CHAOS T2) dataset under settings 1 and 2

Dice score (%)

Setting Method -

LK RK Spleen Liver Mean

ADNet (Hansen et al., 2022) 73.86 85.80 72.29 82.11 78.52

PANet (Wang et al., 2019) 30.99 32.19 40.58 50.40 38.54

ALPNet (Ouyang et al., 2020) 81.92 85.18 72.18 76.10 78.85

| CATNet (Lin et al., 2023) 74.01 78.90 68.83 78.98 75.18
QNet (Shen QQ et al., 2023) 78.36 87.98 75.99 81.74 81.02

RPTNet (Zhu YZ et al., 2023) 80.72 89.82 76.37 82.86 82.44
GMRDNet (Cheng ZM et al., 2024) 83.96 90.12 76.09 81.42 82.90

PPFFR (ours) 90.98 90.40 83.79 85.32 87.62

ADNet (Hansen et al., 2022) 59.64 56.68 59.44 77.03 63.20

PANet (Wang et al., 2019) 53.45 38.64 50.90 42.26 46.31

ALPNet (Ouyang et al., 2020) 73.63 78.39 67.02 73.05 73.02

CATNet (Lin et al., 2023) 75.31 83.23 67.31 75.02 75.22

2 QNet (Shen QQ et al., 2023) 73.96 81.07 65.39 72.36 73.20
RPTNet (Zhu YZ et al., 2023) 78.33 86.01 75.46 76.37 79.04
GMRDNet (Cheng ZM et al., 2024) 78.65 86.66 73.25 80.25 79.70

PPFFR (ours) 83.48 90.80 84.56 74.46 83.33

The best values are in bold, and the second-best values are underlined
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Table 6 Performance comparison of different methods on the SABS dataset under settings 1 and 2

Dice score (%)

Setting Method -

LK RK Spleen Liver Mean

ADNet (Hansen et al., 2022) 72.13 79.06 63.48 77.24 72.98

PANet (Wang et al., 2019) 20.67 21.19 36.04 49.55 31.86

ALPNet (Ouyang et al., 2020) 72.36 71.81 70.96 78.29 73.36

1 CATNet (Lin et al., 2023) 63.36 60.05 67.65 75.31 66.59
RPTNet (Zhu YZ et al., 2023) 77.05 79.13 72.58 82.57 77.83
GMRDNet (Cheng ZM et al., 2024) 81.70 74.46 78.31 79.60 78.52

PPFFR (ours) 86.82 85.85 87.77 86.51 86.74

ADNet (Hansen et al., 2022) 48.41 40.52 50.97 70.63 52.63

PANet (Wang et al., 2019) 32.34 17.37 29.59 38.42 29.43

ALPNet (Ouyang et al., 2020) 63.34 54.82 60.25 73.65 63.02

2 CATNet (Lin et al., 2023) 68.82 64.56 66.02 80.51 69.98
RPTNet (Zhu YZ et al., 2023) 72.99 67.73 70.80 75.24 71.69
GMRDNet (Cheng ZM et al., 2024) 77.40 76.17 75.30 80.39 77.32

PPFFR (ours) 84.64 85.93 86.21 86.15 85.73

The best values are in bold, and the second-best values are underlined

Table 7 Performance comparison of different methods on
the Cardiac-MRI dataset

Dice score (%)

Method

LVBP LVMYO RV Mean
ADNet (Hansen et al., 2022) 87.83 6243 77.31 75.86
PANet (Wang et al., 2019) 72.77 44776 57.13 58.22
ALPNet (Ouyang et al., 2020) 83.99 66.74 79.96 76.90
CATNet (Lin et al., 2023) 66.85 90.54 79.71 79.03
RPTNet (ZhuYZ etal., 2023) 89.90 66.91 80.78 79.20
GMRDNet (Cheng ZM etal., 90.00 67.04 80.29 79.11

2024)

PPFER (ours) 91.32 70.17 77.64 79.71

The best values are in bold, and the second-best values are

underlined

distinguishes different regions and achieves the best
segmentation performance. The spleen segmentation
results show that all methods can segment the main
body. In contrast, the predicted boundaries of other
methods differ significantly from the ground truth.
Our method also demonstrates superior segmentation
performance for the RK and liver. These results in-
dicate that the proposed PPFFR method achieves de-
cent segmentation performance across different imag-
ing modalities, scales, and organ shapes.

3.4 Ablation studies

To evaluate the effectiveness of each module
in PPFFR, the following ablation experiments are

conducted. All the ablation studies are performed on
the Abd-MRI dataset under setting 2 using a 1-way
1-shot configuration.

To address the role of each component and po-
tential numerical issues, we present a detailed ablation
analysis and implementation clarification as follows:
Table 8 summarizes the performance of different model
variants on the Abd-MRI dataset. Compared to the
baseline, adding PPF increases the mean Dice
score by 15.18 PPs (64.05%—79.23%). This con-
firms its effectiveness in filtering background inter-
ference from prototypes, particularly in reducing in-
ter-class variations between organs (e.g., LK/RK vs.
liver/spleen). The filtering process is formulated as

P=POq(S), S=Sim (P, P ), (32)
where P denotes the initial prototype, Sim(-) is the
cosine similarity, and o(-) is the sigmoid function for

Table 8 Ablation study of each component in PPFFR on
the Abd-MRI dataset under setting 2

Dice score (%)

Method LK RK Liver Spleen Mean
Baseline 52.75 71.56 6637 65.52  64.05
Baseline+PPF  70.73 8599 80.86 79.33 79.23
Baseline+tFR ~ 62.81 90.22 8355 7395 77.63
PPFFR 8348 90.80 84.56 7446  83.32

The best values are in bold
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Fig. 5 Qualitative comparison results for the Abd-MRI dataset

suppressing irrelevant features. Adding FR alone im-
proves the mean Dice score by 13.58 PPs (64.05%—
77.63%). SSM models long-range dependencies with
linear complexity via

h=Ah, +Bx, y=Ch+Dx, (33)

This replaces the high-cost global attention mech-
anism (O(n*)) while preserving the global anatomi-
cal context. Integrating these two modules achieves
the highest mean Dice score (83.33%), with consis-
tent improvements across all organs. This validates
their complementary roles: PPF refines prototypes to
reduce noise, while FR enhances feature representa-
tion via SSM and MHA. To resolve the logical con-
sistency of combining SSM and MHA, MHA contrib-
utes an increase of 2.82 PPs in the mean Dice score
by capturing fine-grained local correlations (e.g., or-

gan boundaries) via

MHA (Q, K, V )=Concat ( head,, head,, ---, head, ) wo.
(34)

Within the MHA framework, individual heads are
employed to capture diverse feature relationships. The
projection matrix W° subsequently maps the concate-
nated high-dimensional outputs from multiple heads
back to the original dimension, thereby facilitating the
integration of information extracted by different at-
tention heads.

It complements SSM by focusing on local spa-
tial details, avoiding the “over-smoothing” issue of
pure SSM. In the PR module, instead of using infinity
for invalid features (e.g., background), we replace in-
finity with L=-10°to ensure numerical stability. The
softmask process is
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Fig. 6 Qualitative comparison results for the SABS dataset

> F(i)exp(M-M(i))

P=
zieRexp(M-M(i))

(35)

Here, M is the binary mask, amplifying the weight
of foreground pixels. This “softmax with large M” ap-
proach in PPF (Egs. (6) and (7)) outperforms hard
thresholding alternatives by a mean Dice score of
3.2 PPs (Table 3), confirming the balance between
numerical stability and feature discrimination.

4 Conclusions

In this paper, we propose a novel few-shot medi-
cal image segmentation model named PPFFR. The
designed PPF can adaptively set thresholds based on
the corresponding prototypes, filtering out interference
in both the support and query prototypes and enhanc-

ing the interaction between them. The FR module
combines the long-range modeling capability of SSM
with the multi-scale local feature extraction ability of
convolutional blocks, further improving segmenta-
tion performance. The proposed method is evaluated
on three publicly available datasets. Ablation study
results demonstrate the effectiveness of each module
in PPFFR. Comparisons with existing methods show
the superiority of PPFFR in few-shot medical image
segmentation (Huang WD et al., 2023, 2024). While
PPFFR achieves an overall state-of-the-art perfor-
mance on the Cardiac-MRI dataset (79.71% mean Dice
score), its segmentation accuracy for the left ven-
tricular myocardium (LVMYO, 70.17%) is lower
than that of CATNet (90.54%). This performance dis-
crepancy reveals two potential limitations related to
anatomical characteristics: (1) The myocardial wall’s
thin morphology, typically measuring 5-10 mm in
thickness, with intensity homogeneity, may be
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underrepresented in prototype filtering; (2) The inher-
ent motion artifacts of a cardiac MRI disproportion-
ately affect structures with complex deformation pat-
terns. Future work will address these challenges by
integrating anatomical shape priors into the PPF
module and developing temporal-aware feature re-
finement specifically for cardiac sequences.
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