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Abstract

Existing few-shot medical image segmentation (FSMIS)
models fail to address a practical issue in medical imag-
ing: the domain shift caused by different imaging techniques,
which limits the applicability to current FSMIS tasks. To
overcome this limitation, we focus on the cross-domain few-
shot medical image segmentation (CD-FSMIS) task, aim-
ing to develop a generalized model capable of adapting to a
broader range of medical image segmentation scenarios with
limited labeled data from the novel target domain. Inspired
by the characteristics of frequency domain similarity across
different domains, we propose a Frequency-aware Matching
Network (FAMNet), which includes two key components:
a Frequency-aware Matching (FAM) module and a Multi-
Spectral Fusion (MSF) module. The FAM module tackles two
problems during the meta-learning phase: 1) intra-domain
variance caused by the inherent support-query bias, due to
the different appearances of organs and lesions, and 2) inter-
domain variance caused by different medical imaging tech-
niques. Additionally, we design an MSF module to integrate
the different frequency features decoupled by the FAM mod-
ule, and further mitigate the impact of inter-domain variance
on the model’s segmentation performance. Combining these
two modules, our FAMNet surpasses existing FSMIS models
and Cross-domain Few-shot Semantic Segmentation models
on three cross-domain datasets, achieving state-of-the-art per-
formance in the CD-FSMIS task.

Code — https://github.com/primebo1/FAMNet
Extended version — https://arxiv.org/abs/2412.09319

Introduction
To bridge the gap between limited labeled samples and the
need for precise segmentation, few-shot medical image seg-
mentation (FSMIS) (Guha Roy et al. 2019; Ouyang et al.
2022; Hansen et al. 2022; Zhu et al. 2023; Sun et al. 2022;
Feng et al. 2021; Shen et al. 2023; Lin et al. 2023; Ding
et al. 2023; Cheng et al. 2024) has emerged. By training on
base categories, FSMIS models can leverage only a few an-
notated samples to segment new categories in medical im-
ages directly. Nevertheless, due to the limited generalization
capability, they often exhibit diminished performance when
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Figure 1: Motivation of the proposed method. (a) CT and
MRI scans in the spatial and frequency domains. Frequency
spectra are processed using a Hamming window (Ham-
ming 1977) and are center-shifted. (b) Quantitative metrics
for the similarity of CT and MRI in the spatial and fre-
quency domains using structural similarity index measure
(SSIM) (Wang et al. 2004) and normalized mean square er-
ror (NMSE). Metrics are calculated using registered images.

tested on the data with domain shifts, which restricts their
applicability to only a single domain.

Recently, some researchers have started investigating
cross-domain few-shot semantic segmentation (CD-FSS)
(Lei et al. 2022; Chen et al. 2024; Herzog 2024; Su et al.
2024; Nie et al. 2024; He et al. 2024), which has demon-
strated impressive segmentation capabilities on datasets like
Deepglobe (Demir et al. 2018) and FSS-1000 (Wei et al.
2019). Although this operation paves the way for cross-
domain applications in few-shot scenarios, these models
cannot be directly applied to the medical field due to the
unique characteristics of medical images, e.g., grayscale,
intensity variations, and foreground-background imbalance.
Meanwhile, existing domain generalization methods in med-
ical imaging (Ouyang et al. 2021; Zhou et al. 2022; Xu et al.
2022; Su et al. 2023) mainly focus on domain randomiza-
tion, neglecting the model itself and the few-shot setting.

Two major challenges hinder the development of cross-
domain few-shot medical image segmentation (CD-FSMIS),
which we try to address in this paper: 1) Intra-domain varia-
tions: Medical images exhibit significant variability between
individual organs, e.g., size, fat content, and pathology, mak-
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ing it difficult to find similar support-query pairs, leading
to support-query bias and reduced prototype representation
in prototypical networks. 2) Inter-domain variations: Even
within the same organ or region, the spatial domain similar-
ity demonstrates low correlation across different domains,
as illustrated in Figure 1(b). However, subtle distinctions are
evident in the frequency domain, where inter-domain varia-
tions are primarily in high and low-frequency bands, while
mid-frequency bands are relatively similar.

We therefore propose a novel method termed Frequency-
aware Matching Network (FAMNet) for CD-FSMIS in this
paper. Specifically, the core of our FAMNet, the Frequency-
aware Matching (FAM) module, performs support-query
matching in specific frequency bands, eliminating support-
query bias by fusing foreground features and highlighting
synergistic parts. Simultaneously, FAM incorporates fre-
quency domain information within the feature space, re-
ducing reliance on frequency bands with significant do-
main differences. This allows the model to focus more
on resilient, domain-agnostic frequency bands, effectively
addressing both intra-domain and inter-domain variations.
Building upon the FAM module, we subsequently developed
a Multi-spectral Fusion (MSF) module. While fusing the
frequency-decoupled features from FAM, the MSF module
extracts the critical information that remains in the domain-
specific frequency bands after decoupling in the spatial do-
main. With FAM and MSF, our method not only demon-
strates strong generalization capabilities but also effectively
leverages domain-invariant interactive information from the
sample space, showcasing excellent segmentation perfor-
mance. In summary, our contributions are as follows:

• We extend few-shot medical image segmentation to a
new task, termed cross-domain few-shot medical image
segmentation, aimed at training a generalizable model to
segment a novel class in unseen target domains with only
a few annotated examples.

• We propose a novel FAM module that concurrently mit-
igates the adverse impacts of intra-domain and inter-
domain variances on model performance. Moreover, an
MSF module is introduced for multi-spectral feature fu-
sion, further suppressing domain-variant information to
enhance the model’s generalizability.

• On three cross-domain datasets, our proposed method
achieves state-of-the-art performance. The effectiveness
and superiority of our method are further verified through
various ablation studies and visualization.

Related Works
Few-shot Medical Image Segmentation
The FSMIS task has been proposed to address data scarcity
typically found in medical scenarios, which aims to train
models capable of segmenting novel organs or lesions with
only a few annotated samples. Current FSMIS models can
be categorized into two approaches: interactive networks
(Guha Roy et al. 2019; Sun et al. 2022; Feng et al. 2021;
Ding et al. 2023) and prototypical networks (Ouyang et al.
2022; Hansen et al. 2022; Shen et al. 2023; Zhu et al.

2023; Lin et al. 2023; Cheng et al. 2024). In the former
category, SENet (Guha Roy et al. 2019) pioneered the use
of interactive networks in FSMIS tasks, followed by MR-
rNet (Feng et al. 2021), GCN-DE (Sun et al. 2022), and
CRAPNet (Ding et al. 2023). The core idea behind these
models is to enhance support-query interaction through at-
tention mechanisms. For the latter category, SSL-ALPNet
(Ouyang et al. 2022) introduced a self-supervised frame-
work that generates adaptive local prototypes and supervised
by superpixel-based pseudo-labels during training. ADNet
(Hansen et al. 2022) proposed a learnable threshold for seg-
mentation and relied on a single foreground prototype to
compute anomaly scores for all query pixels, rather than
learning prototypes for each class. CATNet (Lin et al. 2023)
utilized a cross-masked attention Transformer to enhance
support-query interaction and improve feature representa-
tion. GMRD (Cheng et al. 2024) captured the complexity
of prototype class distributions by generating multiple rep-
resentative descriptors.

Cross-domain Few-shot Semantic Segmentation
Expanding on few-shot semantic segmentation (FSS), re-
cent studies (Herzog 2024; He et al. 2024; Su et al. 2024;
Nie et al. 2024; Chen et al. 2024; Lei et al. 2022) focus on
CD-FSS, considering a more practical setting where both
label space and data distribution are disjoint between the
training and testing datasets. PATNet (Lei et al. 2022) em-
ploys a Pyramid-Anchor-Transformation module (PATM) to
map domain-specific features into domain-agnostic ones.
PMNet (Chen et al. 2024) proposes a lightweight match-
ing network to densely exploit pixel-to-pixel and pixel-to-
patch correlations between support-query pairs. DRAdapter
(Su et al. 2024) utilizes local-global style perturbation to
train an adapter that rectifies diverse target domain styles to
the source domain, maximizing the utilization of the well-
optimized source domain segmentation model.

Methodology
Problem Setting
The CD-FSMIS task aims to construct a generalizable model
Θ to segment novel organs or lesions in an unseen domain
with few annotated medical images. To elaborate, the model
Θ is optimized using a single source domain dataset Ds

encompassing the base categories Cbase. Subsequently, the
model’s performance is assessed on a target domain dataset
Dt, which comprises novel target categories Ctarget with
only a few labeled images. It is crucial to highlight that
the sets of categories Cbase and Ctarget are disjoint, i.e.
Cbase ∩ Ctarget = ∅, and a domain shift exists between
the source domain Ds and the target domain Dt. During the
training phase, the model has no access to the target domain.

Our approach adheres to the episode-based meta-learning
paradigm. For each meta-learning task, we randomly divide
the data into multiple episodes. Each episode (S,Q) com-
prises: 1) a support set S = {xs

i ,M
s
i}Ki=1 containing K sup-

port samples, and 2) a query set Q = {xq
i ,M

q
i }

Nq

i=1 contain-
ing Nq query samples, where xi denotes the i-th image, and
Mi denotes the corresponding segmentation ground truth.
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Figure 2: The overall architecture of our method, consists of three main technical components: the Coarse Prediction Generation
(CPG) module, the Frequency-aware Matching (FAM) module, and the Multi-Spectral Fusion (MSF) module. Note that in
ABM, JSM denotes joint space matching. In the case of DAFBs, the attention matrix is directly utilized for attention weighting.
Conversely, for DSFBs, an element-wise subtraction is applied prior to the weighting process.

During inference, the model’s segmentation performance is
evaluated by providing a support set and a query set from
the novel target domain.

Overall Architecture
The proposed network is depicted in Figure 2, which can
be briefly divided into three main parts: 1) a Coarse Pre-
diction Generation (CPG) module for generating a coarse
prediction of the query mask, 2) a Frequency-aware Match-
ing (FAM) module for performing frequency-aware match-
ing between support and query foreground features, and 3)
a Multi-Spectral Fusion (MSF) module for fusing features
based on their respective frequency bands.

First, the support and query images are fed into a weight-
sharing feature encoder to extract their corresponding fea-
ture maps. Next, a coarse prediction of the query fore-
ground mask is obtained using the CPG module. Then, the
support foreground feature computed in CPG, the gener-
ated coarse query mask, and the extracted query feature
are input into the proposed FAM module for frequency-
aware matching. In this module, features are divided into
three frequency bands, each independently fuses the support
and query features through distinct weighting mechanisms
guided by matching results, yielding fused features for each
band. To reintegrate these multi-spectral features and further
suppress the influence of domain-specific frequency bands
(DSFBs), the divided features are fused through the MSF
module. A global average pooling operation is then per-

formed to obtain the foreground prototype required by the
prototypical network. Finally, we compute the cosine simi-
larity between the foreground prototype and the query fea-
ture to produce the final prediction of the query mask.

Feature Extraction
We use a ResNet-50 (He et al. 2016) feature encoder Eθ(·)
pre-trained on MS-COCO (Lin et al. 2014) as a weight-
shared backbone to extract the support and query feature
maps, where θ denotes the backbone parameters.

The support and query feature maps are denoted as
Fini

s = Eθ(xs
i ) and Fini

q = Eθ(xq
i ), and Fini

s , Fini
q ∈

RC×H×W , where C denotes the channel depth of the fea-
ture, and H and W denote the height and width of the fea-
ture respectively.

Coarse Prediction Generation (CPG) Module
A prototypical network-based method is performed to obtain
a coarse segmentation mask of the query image. Given a sup-
port image xs

i and its corresponding foreground binary mask
Ms, the support foreground prototype pfg

s can be generated
by using Masked Average Pooling (MAP). Mathematically,
this process can be denoted as:

pfg
s =

∑
u,v F

ini
s (u, v)Ms(u, v)∑
u,v M

s(u, v)
, (1)

where (u, v) is the index of pixels on the feature map.
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Following this, we directly use the computed pfg
s and the

extracted query feature map Fini
q to predict a coarse query

foreground mask M̃Coarse
q :

M̃Coarse
q = 1.0− σ

(
d(Fini

q ,pfg
s )− τ

)
, (2)

where d(a, b) = −αcos(a, b) is the negative cosine similar-
ity with a fixed scaling factor α = 20 (Wang et al. 2019), σ(·)
denotes the Sigmoid activation and τ is a learnable threshold
introduced by (Hansen et al. 2022).

Frequency-Aware Matching (FAM) Module
Multi-Spectral Decoupling of Foreground Features. To
mitigate the discrepancy between support and query fore-
grounds, we first extract the foreground features from Fini

s
and Fini

q using the support mask and coarse query mask.
Since the number of foreground pixels in the support and
query images often differs, we apply Adaptive Average
Pooling (AAP) (Liu et al. 2018) to standardize the number
of foreground pixels to a fixed value N . This process can be
formulated as:{

Fs = AAP(Fini
s ⊙Ms, N)

Fq = AAP(Fini
q ⊙R(M̃Coarse

q ), N)
, (3)

where ⊙ denotes the Hadamard product, and Fs, Fq ∈
RC×N denote the extracted foreground features, and
AAP(a, n) is the AAP operation that adjusts the input fea-
ture map a to a fixed output size n along the last dimension,
and R denotes the mathematical function that rounds deci-
mals to 0 or 1.

For each foreground feature, we utilize the two-
dimensional Fast Fourier Transform (FFT) to convert the
signal from the spatial domain to the frequency domain
while preserving spatial information. We employ a reshape
function ρ to transform the feature into a square, ρ :

RC×N → RC×
√
N×

√
N , with ρ−1 serving as its inverse. For

the support foreground feature, this process is formalized as:
ϕs = SC(F(ρ(Fs))), (4)

where F denotes FFT, ϕs ∈ CC×
√
N×

√
N denotes the

frequency domain feature representation, SC denotes the
function to adjusts the frequency signal to center the zero-
frequency component.

Subsequently, we apply a band-pass filter to decompose
the frequency-domain signal into three bands, namely high,
medium, and low frequencies. Finally, we revert the fre-
quency signals back to the spatial domain using the Inverse
Fast Fourier Transform (IFFT):

Fs(i) = ρ−1(F−1(Bp(ϕs, I(i)))) =


Fl

s, i = 1

Fm
s , i = 2

Fh
s , i = 3

, (5)

where Fs(i) denotes the support foreground feature in a spe-
cific frequency band, F−1 denotes IFFT, I(i) is a binary
mask vector where values are set to 1 for preserved compo-
nents and 0 for discarded components, and Bp(ϕ, I) is the
band-pass filter that can be defined by:

ϕ′(u, v) =

{
0, if I(u, v) = 0

ϕ(u, v), otherwise
. (6)

We perform the same operation on the query foreground
feature to obtain Fl

q , Fm
q , Fh

q .
Multi-Spectrum Attention-based Matching. As shown in
Figure 1, high-frequency and low-frequency signals vary
significantly across different domains. During typical train-
ing, models often rely on these DSFBs to better adapt to the
tasks in the current scenario. However, this reliance leads
to over-fitting to certain prominent features. For example,
a model may achieve precise segmentation on CT images
by focusing on the contained information of DSFBs, such
as the high-frequency edge information. Yet, this approach
often suffers from degradation when transferred to an un-
seen domain where edge information is less distinct, such
as MRI. Our proposed method aims to enhance the model’s
generalization capabilities by matching support and query
features while simultaneously reducing the model’s reliance
on DSFBs.

Specifically, this module consists of three processes, as il-
lustrated in the bottom right part of Figure 2. First, given the
support and query foreground feature pair (Fs, Fq) belong-
ing to the same frequency band B, we apply linear transfor-
mations using two learnable matrices Ws, Wq ∈ RN×N

to map the features into a joint space. This further reduces
the intra-domain differences between the support and query,
enhancing the stability of matching. This operation can be
formalized as: {

F′
s = FsWs

F′
q = FqWq

, (7)

where F′
s, F′

q ∈ RC×N denote the transformed support and
query foreground features, respectively.

Secondly, based on the transformed features, we compute
the attention-based similarity score matrix between the fea-
tures using cosine similarity:

A(F′
s,F

′
q) = σ(

F′
s · F′

q

∥F′
s∥∥F′

q∥
), (8)

where A ∈ R1×N denotes the computed attention matrix,
and σ denotes the sigmoid activation function. During train-
ing, our module updates the attention scores between fea-
tures via the learnable transformation matrices Ws and Wq ,
enabling the model to better learn domain-agnostic similari-
ties between features.

Thirdly, based on the notion that DSFBs and domain-
agnostic frequency bands (DAFBs) should be treated differ-
ently, we apply distinct attention weightings to feature pairs
in three frequency bands. To match the size of F′

s and F′
q ,

we first obtain A′ ∈ RC×N by repeating A along the chan-
nel dimension. For feature pairs in DAFBs, we directly mul-
tiply the attention matrix with the features element-wise to
highlight the similar components while suppressing the dis-
similar ones: {

F′′
s,0 = A′ ⊙ F′

s

F′′
q,0 = A′ ⊙ F′

q

, (9)

where F′′
s,0 and F′′

q,0 ∈ RC×N are the weighted features
belonging to the DAFBs.

While for feature pairs in DSFBs, an inverse attention
weighting is performed to suppress the similar components
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between features, thereby reducing the model’s reliance on
these components:{

F′′
s,1 = (1−A′)⊙ F′

s

F′′
q,1 = (1−A′)⊙ F′

q

, (10)

where F′′
s,1 and F′′

q,1 ∈ RC×N are the weighted features
belonging to the DSFBs.

Thus, the FAM module completes the enhancement or
suppression of full-spectrum similarity between features
through A, which is derived from full-spectrum attention
weights. We pass the concatenated feature pair through an
MLP afterward to fuse the features belonging to the support
and query, obtaining a new fused feature that acts as the final
feature representation of B:

Fb = MLP
(
Cat

(
F′′

s,fb,F
′′
q,fb

)
, φ

)
, fb ∈ {0, 1} (11)

where Fb ∈ RC×N denotes the fused feature in a specific
frequency band, MLP(·, φ) is a function of a MLP with pa-
rameters φ. Notably, the MLP consists of two fully con-
nected layers with a ReLU activation function in between,
which can better learn the fusion patterns and reduce the
parameters of the MLP, Cat(a, b) denotes the function that
concatenates a and b along the last dimension, and fb serves
as an indicator specifying DAFBs or DSFBs.

Multi-Spectral Fusion (MSF) Module
Recent research and our preliminary experiments have re-
vealed the subtle relationship between frequency domain
signals and image feature information: 1) Different fre-
quency bands contain different information. Low and high
frequencies contain color and style information, while the
middle-frequency band contains more structural and shape
information (Huang et al. 2021). 2) In cross-domain tasks,
low and high frequencies exhibit significant differences
across different domains. 3) Directly discarding high and
low-frequency features is unreasonable, as frequency do-
main decomposition fails to completely decouple domain-
variant information (DVI) and domain-invariant information
(DII).

These insights lead us to a question: Is there a mecha-
nism that can extract the DII remaining in the DSFBs guided
by the DII in the DAFBs? We thus considered the cross-
attention mechanism, which is widely used in multi-modal
feature fusion: When feature Φ is used as the key (K) and
value (V), and another feature Ψ is used as the query (Q),
the resulting V is the representation of feature Φ weighted
by the similarity between feature Ψ and feature Φ.

Propelled by this knowledge, we propose the MSF mod-
ule, a cross-attention-based feature fusion module. This
module retains high and low-frequency information while
using mid-frequency information to extract DII from high
and low-frequency features and suppress DVI.

To be specific, for each feature triplet (Fl
f , Fm

f , Fh
f ), the

three fused features do not overlap in the frequency domain,
i.e., ϕ(Fl

f ) ∩ ϕ(Fm
f ) = ∅, ϕ(Fl

f ) ∩ ϕ(Fh
f ) = ∅, and

ϕ(Fm
f ) ∩ ϕ(Fh

f ) = ∅, where ϕ(F) represents the spectrum
of F. However, ζ(Fl

f )∩ ζ(Fm
f ) ̸= ∅ and ζ(Fm

f )∩ ζ(Fh
f ) ̸=

∅, where ζ(F) denotes the contained information of F.
We use Fl

f or Fh
f , along with Fm

f to compute the atten-
tion between the given features. The output matrix of cross-
attention (CA) can be represented as:

fCA(Q,K,V) = softmax(
QKT

√
d

)V = SV, (12)

where d denotes a scaling factor, S ∈ RN×N denotes the
attention weight matrix. Consequently, the process of ob-
taining the refined features for the low and high-frequency
components can be formalized by:{

Fl
f

′
= fCA((F

m
f )TWQ, (F

l
f )

TWK , (Fl
f )

TWV )
T

Fh
f

′
= fCA((F

m
f )TWQ, (F

h
f )

TWK , (Fh
f )

TWV )
T
,

(13)
where Fl

f

′, Fh
f

′ denote the refined fused foreground features,
and WQ, WK , WV ∈ RC×C are the learnable linear trans-
formation matrices.

Finally, a straightforward addition is performed to inte-
grate the features from the three frequency bands, followed
by a ReLU activation function, as the module output Ff :

Ff = ReLU(Fl
f

′
+ Fm

f + Fh
f

′
) ∈ RC×N . (14)

We use the fused foreground features to compute the fi-
nal query mask. A global average pooling (GAP) opera-
tion is performed to obtain the frequency-aware and query-
informed foreground prototype:

pfg
f (c) =

1

N

N∑
i=1

Ff (c, i), (15)

where c denotes the channel index.
Hence, the final query foreground prediction of our pro-

posed model can be calculated in a similar way in Eq. 2:

M̃fg
q = 1.0− σ

(
d(Fini

q ,pfg
f )− τ

)
, (16)

while the background prediction can be obtained by M̃bg
q =

1− M̃fg
q accordingly.

Objective Function
We adopt the binary cross-entropy loss Lce to evaluate the
error between the predicted query mask and its correspond-
ing ground truth. Mathematically, our final prediction loss
Lfinal can be expressed as:

Lfinal = Lce(M
q, M̃fg

q , M̃bg
q )

= − 1

HW

∑
h,w

Mq log(M̃fg
q ) + (1−Mq) log(M̃bg

q ).

(17)
To capture more precise query foreground features, an ac-

curate coarse prediction of the query foreground is needed.
We continue to use the binary cross-entropy loss to quantify
the dissimilarity between the coarse prediction and Mq:

Lcoarse = Lce(Mq, M̃
coarse
q , 1− M̃coarse

q ). (18)
Overall, the total loss Ltotal for our proposed model can

be denoted as Ltotal = Lfinal + Lcoarse.
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Method Ref. Abdominal CT → MRI Abdominal MRI → CT
Liver LK RK Spleen Mean Liver LK RK Spleen Mean

PANet ICCV’19 39.24 26.47 37.35 26.79 32.46 40.29 30.61 26.66 30.21 31.94
SSL-ALP TMI’22 70.74 55.49 67.43 58.39 63.01 71.38 34.48 32.32 51.67 47.46

ADNet MIA’22 50.33 39.36 37.88 39.37 41.73 64.25 37.39 25.62 42.94 42.55
QNet IntelliSys’23 58.82 42.69 51.67 44.58 49.44 70.98 38.64 30.17 43.28 45.77

CATNet MICCAI’23 44.58 43.67 50.27 46.34 46.21 54.52 41.73 40.24 45.84 45.60
RPT MICCAI’23 49.22 42.45 47.14 48.84 46.91 65.87 40.07 35.97 51.22 48.28

PATNet ECCV’22 57.01 50.23 53.01 51.63 52.97 75.94 46.62 42.68 63.94 57.29
IFA CVPR’24 48.81 45.79 51.46 51.42 49.37 50.05 36.45 32.69 43.08 40.57
Ours — 73.01 57.28 74.68 58.21 65.79 73.57 57.79 61.89 65.78 64.75

Table 1: Quantitative comparison of different methods Dice score (%) on the Cross-Modality Dataset. The best value is shown
in bold font, and the second best is underlined.

Method Ref. Cardiac LGE → b-SSFP Cardiac b-SSFP → LGE
LV-BP LV-MYO RV Mean LV-BP LV-MYO RV Mean

PANet ICCV’19 51.43 25.75 25.75 36.66 36.24 26.37 23.47 28.69
SSL-ALP TMI’22 83.47 22.73 66.21 57.47 65.81 25.64 51.24 47.56

ADNet MIA’22 58.75 36.94 51.37 49.02 40.36 37.22 43.66 40.41
QNet IntelliSys’23 50.64 37.88 45.24 44.58 31.08 34.03 39.45 34.85

CATNet MICCAI’23 64.63 42.41 56.13 54.39 45.77 43.51 46.02 45.10
RPT MICCAI’23 60.84 42.28 57.30 53.47 50.39 40.13 50.50 47.00

PATNet ECCV’22 65.35 50.63 68.34 61.44 66.82 53.64 59.74 60.06
IFA CVPR’24 64.04 43.22 74.58 62.28 68.07 36.07 60.42 54.85
Ours — 86.64 51.84 76.26 71.58 77.37 52.05 54.75 61.39

Table 2: Quantitative comparison of different methods Dice score (%) on the Cross-Sequence Dataset. The best value is shown
in bold font, and the second best is underlined.

Experiments
Datasets and Evaluation Metric
We detail our proposed task into three cross-domain settings
and evaluate our method on the following three datasets:

The Cross-Modality dataset comprises two abdominal
datasets. The first is Abdominal MRI obtained from (Kavur
et al. 2021), which includes 20 3D T2-SPIR MRI scans. The
second is Abdominal CT, which comprises 20 3D abdominal
CT scans from (Landman et al. 2015). We select four com-
mon categories from the two datasets: the left kidney (LK),
right kidney (RK), liver, and spleen, for assessment.

The Cross-Sequence dataset is a cardiac dataset from
(Zhuang et al. 2022), which includes 45 3D LGE MRI scans
and 45 b-SSFP MRI scans, both comprising 3 distinct labels:
the blood pool (LV-BP), the left ventricle myocardium (LV-
MYO), and the right ventricle myocardium (RV).

The Cross-Institution dataset consists of 321 3D
prostate T2-weighted MRI scans collected by the University
College London hospitals (UCLH) and 82 3D prostate MRI
scans from the National Cancer Institute (NCI), Bethesda,
Maryland, USA. The data from UCLH are collected from
4 studies: INDEX (Dickinson et al. 2013), the SmartTarget
Biopsy Trial (Hamid et al. 2019), PICTURE (Simmons et al.
2014), Promise12 (Simmons et al. 2014), and organized by
(Li et al. 2023). The data from NCI are provided in (Choyke

et al. 2016). All the data are annotated by (Li et al. 2023).
We select three common categories, bladder, central gland
(CG) and rectum, for assessment.

We adopt the Sorensen-Dice coefficient (Ouyang et al.
2022) which is commonly used in FSMIS tasks as the eval-
uation metric. Details are provided in the Appendix.

Implementation Details
Our method is implemented on an NVIDIA GeForce RTX
4080S GPU. Initially, we employ the 3D supervoxel clus-
tering method (Hansen et al. 2022) to generate pseudo-
masks as the supervision in the episode-based meta-learning
task, and we follow the same pre-processing techniques as
(Hansen et al. 2022). The experiments are conducted un-
der the 1-way 1-shot condition. During inference, we sam-
ple scans from the target domain and select the middle slices
containing the foreground as the support images, with the re-
maining slices as the query images. For all datasets, we train
the model for 39K iterations, comprising 3000 iterations per
epoch with the batch size set to 1. To comprehensively test
the performance of our proposed model, we conduct bidi-
rectional evaluations within each dataset. For instance, in
the Cross-Modality dataset, we evaluate performance both
on CT → MRI and MRI → CT directions.

Additionally, for the training of our model, the output size
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Baseline CPG FAM MSF
CT → MRI

Liver LK RK Spleen Mean

✓ 39.24 26.47 37.35 26.79 32.46
✓ ✓ 69.22 49.52 45.73 51.41 53.97
✓ ✓ ✓ 71.68 55.45 67.20 53.75 62.02
✓ ✓ ✓ ✓ 73.01 57.28 74.68 58.21 65.79

Table 3: Ablation studies for the effect of each component
in Dice score (%).

N for the adaptive average pooling in FAM is set to 302. In
the multi-spectral decoupling of foreground features, we di-
vide the frequency band into low, mid, and high frequencies
with a ratio of 3:4:3. We chose the SGD optimizer with an
initial learning rate of 0.001, a momentum of 0.9 and a decay
factor of 0.95 every 1K iterations.

Quantitative and Qualitative Results

To demonstrate the effectiveness of our proposed method,
we compare its performance with various FSMIS models,
including PANet (Wang et al. 2019), SSL-ALPNet (Ouyang
et al. 2022), ADNet (Hansen et al. 2022), QNet (Shen et al.
2023), CATNet (Lin et al. 2023), and RPT (Zhu et al. 2023).
Additionally, two CD-FSS models, PATNet (Lei et al. 2022)
and IFA (Nie et al. 2024) are also used for comparison.

As shown in Table 1, our proposed method significantly
outperforms all existing FSMIS and CD-FSS models under
both CT → MRI and MRI → CT directions. Specifically, in
the CT → MRI direction, the Dice score reached 65.79%,
which is 2.78% higher than the second-best method. More
significantly, the proposed model exhibited an overall 7.46%
higher performance compared to the highest corresponding
method in the MRI → CT direction. While PATNet performs
2.37% better than our model in the liver category in the MRI
→ CT direction, it underperforms in smaller categories like
RK, LK, and spleen. This discrepancy arises from the imbal-
anced foreground and background in medical images, which
the CD-FSS models do not adequately address. In contrast,
our model is better adapted to medical scenarios, resulting
in a higher overall Dice score.

As depicted in Table 2, Our method consistently per-
forms exceptionally well on the Cross-Sequence dataset
compared to other methods, achieving the highest Dice
scores of 71.58% and 61.39% in both directions, surpassing
the second-best method by 9.30% and 1.33%, respectively.
In the LV-BP category under the LGE → b-SSFP scenario,
our model even surpasses the second-best model by 21.29%,
reaching 86.64%, which is comparable to FSMIS models’
segmentation accuracy in non-cross-sequence conditions.

For quantitative and qualitative results on the Cross-
Institution dataset and visualization, please refer to the Ap-
pendix. All experiments demonstrate that our FAMNet is a
medical image segmentation model with excellent general-
ization capabilities and minimal data dependency.

Frequency band CT → MRI
Low Mid High Liver LK RK Spleen Mean
− + − 73.01 57.28 74.68 58.21 65.79
− + + 66.28 55.68 62.41 60.79 61.29
+ + − 68.14 53.47 64.09 54.36 60.02
+ + + 64.46 48.77 62.21 59.28 58.68

Table 4: Ablation study (in Dice score %) for the distinct
attention weightings in DSFBs & DAFBs. Given attention
matrix A, + indicates using A for attention weighting, and
− indicates using 1-A for attention weighting.

Ablation Studies
Effect of each component. Table 3 shows the contribution
of each module to the overall model performance. Combined
with CPG, the proposed FAM module significantly enhances
baseline (PANet) performance by 29.56%, primarily by mit-
igating overfitting to DSFBs and implementing inter-domain
debiasing for the support and query features. Additionally,
the MSF module aids in integrating the frequency-decoupled
features from the FAM module, further suppressing DVI,
and contributing an additional 3.77% improvement in model
performance.
Distinct attention weightings in DAFBs & DSFBs. In the
FAM module, we apply distinct attention weighting meth-
ods to assign weights to features belonging to DSFBs and
DAFBs. This approach reduces the model’s dependency on
the support-query correlation within DSFBs while enhanc-
ing its focus on DAFBs. Table 4 illustrates the ablation study
for distinct attention weightings. It is evident that using the
uniform attention weighting method throughout leads to a
significant drop in the Dice score, with a reduction of 7.11%,
and applying positive attention weighting to any DSFB re-
sults in a decrease in model performance. This decline is
attributed to substantial overfitting to the source domain’s
support-query correlation, which weakens the model’s abil-
ity to generalize to novel target domains.

More ablation studies are provided in the Appendix, in-
cluding method comparisons and hyperparameter analysis.

Conclusion
In this paper, we have addressed a novel task: cross-domain
few-shot medical image segmentation (CD-FSMIS). We
proposed a Frequency-aware Matching Network (FAMNet),
which comprises a Frequency-aware Matching (FAM) mod-
ule to enhance the model’s generalization capabilities and
reduce support-query bias by performing attention-based
matching of the foreground features for specific frequency
bands, which simultaneously handle intra-domain and inter-
domain variations. Furthermore, we introduced a Multi-
Spectral Fusion (MSF) module to integrate features decou-
pled by the FAM module and further suppress the detri-
mental impact of domain-variant information on the model’s
robustness. Extensive experiments on three cross-domain
datasets demonstrated the excellent generalization ability
and data independence of the proposed method.
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