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Abstract—Infrared ship semantic segmentation is pivotal for
all-weather maritime surveillance and national early-warning
applications. However, the significant domain gap between in-
frared (IR) and visible (VIS) images, combined with the ex-
treme scarcity of annotated samples in the target IR domain,
poses a dual challenge that severely restricts the cross-domain
application of segmentation networks. Existing few-shot seg-
mentation methods mostly assume similar data distributions,
while domain adaptation methods rely on abundant unlabeled
data; consequently, neither approach effectively addresses the
combined problem of cross-domain and few-shot learning. To
address this issue, a two-stage framework named CAS-Net (Class-
specific Adapters and SAM refinement Network) is proposed
for cross-domain few-shot infrared ship semantic segmentation.
The framework first learns domain-invariant features and then
leverages a handful of annotated IR samples for class-specific
adaptation and mask refinement. Specifically, in the first stage,
a dual-branch network integrating wavelet transform and con-
volution is designed to extract robust cross-domain features,
employing a random convolution perturbation (RCP) strategy to
stabilize adversarial training. In the second stage, independent,
lightweight class-specific adapters are introduced for each target
class and efficiently fine-tuned via self-supervised contrastive
learning. Furthermore, the Segment Anything Model (SAM)
is incorporated during inference through a prototype-driven
prompt generation mechanism to refine initial segmentation
results and enhance boundary accuracy. Experimental results on
the VI-Ship and Agriculture-Vision datasets demonstrate that the
proposed method outperforms state-of-the-art approaches across
multiple evaluation metrics. Notably, under the extreme one-shot
setting on the VI-Ship dataset, the proposed method achieves a
mean Intersection over Union (mIoU) of 63.19%, exceeding the
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second-best method by 4.43 %, thereby validating its effectiveness.

Index Terms—Cross-domain few-shot learning, infrared ship
imagery, class-specific adapters, Segment Anything Model
(SAM), prototype learning.

I. INTRODUCTION

Precise ship segmentation plays a pivotal role in maritime
surveillance and national defense. With the advancement of in-
telligent vision technology, infrared (IR) imaging offers strong
all-weather perception capabilities, especially in low-visibility
environments such as night, rain, and fog and has become
a key modality for ship monitoring and target recognition
[1], [2], [3]. However, applying deep learning models directly
to infrared images faces two inherent limitations: first, the
intrinsic imaging characteristics of IR images, which feature
low contrast, high noise, and a lack of texture details; second,
the extreme difficulty and high cost of acquiring pixel-level
annotations, resulting in a severe scarcity of training data
[4], [5], [6]. In contrast, visible (VIS) images possess natural
advantages in clarity and accessibility, serving as a vital data
source for training high-performance deep segmentation mod-
els. Consequently, transferring rich knowledge learned from
the visible domain to the infrared domain is a viable strategy
for enhancing infrared image segmentation performance [7],
[81, [9]. However, such cross-modal knowledge transfer is non-
trivial, as models must confront a dual dilemma constituted by
a massive domain discrepancy and extreme sample scarcity.
On one hand, the distinct physical imaging principles of visible
and infrared images result in fundamental differences in color,
texture, and light response. On the other hand, unlike existing
unsupervised domain adaptation (UDA) methods that rely on
abundant unlabeled target data, infrared image acquisition in
many real-world scenarios is inherently difficult, preventing
models from bridging the domain gap by aligning large-scale
data distributions. When a model is simultaneously trapped
between a significant domain gap and sparse target domain
supervisory signals, standard transfer strategies are prone to
failure. First, limited supervision is insufficient to support
robust adaptation to the new domain, leading to overfitting on
the few-shot target domain and insufficient generalization [10],
[11], [12]. More critically, the massive domain discrepancy can
induce negative transfer.

In recent years, significant progress has been made in do-
main adaptation, few-shot learning, and cross-domain few-shot
semantic segmentation, as illustrated in Fig. 1. UDA methods,
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Fig. 1. Schematic comparison of Few-Shot Learning, Domain Adaptation, and
the Cross-Domain Few-Shot Learning (CDFSS) studied in this paper. Few-
Shot Learning aims to address the generalization problem for new categories
within the same data domain. Domain Adaptation focuses on overcoming
distribution discrepancies. CDFSS integrates these challenges.

particularly those based on adversarial training (e.g., AD-
VENT) or self-training (e.g., CPSL) strategies, perform well in
handling certain domain differences but generally rely on large
amounts of unlabeled target domain data [16]. To address mas-
sive domain gaps such as VIS-IR, researchers have proposed
more refined strategies. For instance, Zhang et al. proposed T-
DANet, which systematically addresses the problem through
style transfer and a multi-stage training system [19]. Gan et al.
proposed MDA-Net, designing a multi-domain attention net-
work to intelligently transfer cross-domain invariant features
and avoid negative transfer [20]. However, these advanced
UDA methods remain limited by their dependence on large-
scale target domain data and cannot handle scenarios with data
scarcity. Conversely, few-shot semantic segmentation (FSS)
methods (e.g., PANet, HSNet) [21], [22] excel at learning new
categories from a few samples, but their fundamental premise
is that the data follows an intra-domain identical distribution.
This assumption is completely broken in cross-domain VIS-IR
scenarios, causing sharp performance declines. To address this
challenge, Cross-Domain Few-Shot Semantic Segmentation
(CDFSS) has emerged. Existing works such as PATNet and
APSeg enhance generalization by introducing domain-specific
transformations or leveraging large foundation models [24],
[25], [26]. Nevertheless, when facing extreme differences like
VIS-IR, these methods still suffer from insufficiently robust
feature alignment, rough modeling of class-specific attributes,

and unrefined segmentation boundaries, limiting their applica-
tion in practical scenarios.

To solve the aforementioned problems, we propose a two-
stage method for infrared ship segmentation, termed CAS-
Net (Class-specific Adapters and SAM refinement Network).
The framework primarily consists of two phases: cross-domain
feature extraction and class-adapter fine-tuning. Specifically, in
the first stage, we design a dual-branch network fusing wavelet
transform and convolution, introducing a random convolution
perturbation (RCP) strategy to stabilize adversarial training,
thereby constructing a shared feature space highly robust
to significant domain gaps. In the second stage, targeting
new classes in the target domain, we design independent
lightweight class-specific adapters assisted by self-supervised
contrastive learning for efficient fine-tuning. This achieves
precise class semantic modelling from extremely few anno-
tated samples. Furthermore, the Segment Anything Model
(SAM) is introduced in the inference stage. We propose a
prototype-driven prompt generation mechanism to refine the
initial segmentation mask, significantly improving the bound-
ary precision and structural integrity of the final segmentation
results. The main contributions of our work are as follows:

o We propose a two-stage cross-domain few-shot segmen-
tation framework that decouples the task into domain-
shared feature learning and few-shot class adaptation,
effectively addressing the dual challenges of VIS-IR
domain discrepancy.

e We construct a robust mechanism for cross-domain
shared feature learning. By fusing wavelet transform
with random convolution perturbation, we enhance the
stability of the model in extracting shared features under
significant domain gaps.

o We design an efficient few-shot class adaptation strat-
egy. Through independent lightweight adapters and self-
supervised contrastive learning, we achieve precise and
parameter-efficient semantic modeling for new categories.

o We introduce a prototype-driven SAM mask refinement
module, which translates learned class semantic informa-
tion into geometric prompts to effectively guide SAM in
optimizing segmentation boundaries.

o Experimental results on the VI-Ship and Agriculture-
Vision datasets indicate that our method significantly
outperforms existing state-of-the-art methods in all few-
shot settings.

II. RELATED WORK
A. Cross-Domain Semantic Segmentation

Cross-domain semantic segmentation aims to transfer
knowledge from a label-rich source domain to a target domain,
with the core challenge lying in bridging the distribution
discrepancy between different domains [13], [14], [15]. Ex-
isting works primarily focus on two paradigms. The first is
global distribution alignment based on adversarial learning.
Representative works, such as ADVENT [16], employ ad-
versarial training on the entropy maps of the segmentation
network predictions. This implicitly encourages the model
to produce low-entropy, high-confidence predictions on the
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target domain, thereby indirectly achieving feature distribu-
tion alignment. Hoffman et al. proposed Cycle-Consistent
Adversarial Domain Adaptation (CyCADA) [27], which con-
ducts adversarial training in both input and feature spaces.
By utilizing a cycle-consistency loss, this method ensures
that source and target images retain their original structural
content after style translation, effectively aligning both image
styles and feature distributions. Tsai et al. [28] introduced the
Adapt Semantic Segmentation (AdaptSegNet) model , which
enhances the adaptation of low-level features by performing
domain adaptation at multiple feature layers via a multi-level
adversarial network.

The second category involves self-training based on it-
erative pseudo-label optimization, such as CPSL [17]. This
approach utilizes pseudo-labels generated by the model in
high-confidence regions to supervise target domain learning,
employing strategies like class balancing and online clustering
to improve pseudo-label quality [18]. Zhang et al. proposed
Prototypical Denoising Domain Adaptation (ProDA), which
first filters reliable pseudo-labels based on the distance be-
tween target image features and class prototypes, and then
utilizes these labels to retrain the segmentation network. From
an image style perspective, Yang et al. proposed Fourier
Domain Adaptation (FDA). This method replaces the low-
frequency components of the source domain with those of
the target domain via Fourier transform, narrowing the style
difference between domains and indirectly improving pseudo-
label quality [29].

However, when facing scenarios like Visible-Infrared (VIS-
IR), where distinct physical imaging principles lead to mas-
sive domain discrepancies, the effectiveness of the aforemen-
tioned general strategies declines significantly. To address
this, researchers have proposed more refined solutions. For
instance, Zhang et al. [19] proposed a two-stage framework
(T-DANet) that systematically fuses style transfer in the input
space with attention modules in the feature space. Gan et al.
[20] proposed MDA-Net, which focuses on avoiding negative
transfer by designing a multi-domain attention network to
adaptively transfer truly cross-domain invariant features rather
than forcibly aligning all features. Additionally, some orthog-
onal studies focus on reinforcing feature representation itself.
For example, Gated Spatial CNN (Gated-SCNN) introduced a
gated convolution mechanism to strengthen the extraction of
object boundary information [30]. ACNet utilizes asymmetric
convolution blocks to enhance core feature expression [31],
[32]. DANet explicitly models feature dependencies in spatial
and channel dimensions via dual attention mechanisms [33].
APM decomposes features into amplitude and phase spectra
at the feature level, introducing learnable masks to filter
frequency components before reverting to the spatial domain
for enhanced features [34].

Despite the significant progress achieved by these methods
in UDA tasks, their core designs imply two key assumptions
incompatible with the scenario addressed in this paper. First,
dependence on target data volume: the vast majority of UDA
methods assume the existence of abundant unlabeled data in
the target domain to allow the model to fully learn its data
distribution. This contradicts real-world applications where

infrared image acquisition is costly and data is scarce. Second,
vulnerability under massive domain gaps: in cases where target
domain data is severely insufficient, these alignment methods
are not only limited in effectiveness but are also more prone
to forgetting source domain knowledge or overfitting target
domain noise due to sparse supervisory signals, resulting in a
sharp decline in performance.

B. Few-Shot Semantic Segmentation

Metric learning-based methods construct a prototype for
each new category in an embedding space and perform classifi-
cation by calculating the distance or similarity between query
pixels and class prototypes [35]. For instance, Wang et al.
[21] proposed PANet, which introduces prototype alignment
regularization to enhance the consistency between support
and query prototypes. Tian et al. [36] proposed PFENet,
combining feature pyramids with attention mechanisms to
endow prototypes with multi-scale expressive capabilities. Min
et al. presented HSNet, which elevates metric learning from
the pixel level to a structured region matching level by con-
structing multi-scale 4D correlation tensors and introducing
4D convolution [22], [23].

Augmentation-based methods aim to mitigate dependence
on support set prototypes and handle appearance variations
between support and query sets [37], [38], [39]. For example,
Fan et al. proposed the Self-Support Prototype (SSP) network,
which mines high-confidence regions from the query im-
age itself to generate adaptive prototypes, thereby alleviating
reliance on the appearance of the support set [40]. Zhang
et al. proposed PGNet, utilizing graph neural networks to
explicitly model semantic relations, guiding the generation of
semantically more complete prototypes [41], [42].

However, most FSS methods operate on a fundamental
assumption: the base classes in the meta-training stage and the
new classes in the few-shot testing stage share a similar data
distribution [43], [44]. This assumption is fundamentally vio-
lated in the visible-to-infrared (VIS-IR) cross-domain scenario
studied in this paper. Due to the massive domain discrepancy,
directly applying the metric space learned in the visible
domain to the infrared domain is ineffective, as prototypes
derived from visible images are semantically incomparable
to infrared features. Consequently, while we draw upon the
concept of prototype matching, we fundamentally reconstruct
the process: our class adaptation is not performed in the
raw feature space, but on the shared features output by the
first stage—features that have already undergone deep domain
adaptation. Furthermore, through independent class-specific
adapters and self-supervised contrastive learning, we force the
model to learn the unique attributes of the categories within
the target domain itself.

C. Cross-Domain Few-Shot Semantic Segmentation

CDFSS integrates the challenges of both paradigms, aiming
to complete segmentation tasks in the target domain using
abundant labeled data from the source domain and extremely
few labeled samples from the target domain, which aligns with
the task in this study [45], [46]. Existing works can be broadly
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summarized into two categories: meta-learning-based and fine-
tuning-based approaches [47], [48].

Meta-learning-based methods aim to learn a fast-adapting
meta-capability. Representative works such as PMNet achieve
generalization of meta-knowledge by learning domain-specific
feature transformations [49], while RestNet explores lever-
aging priors from large models to enhance cross-domain
generalization [50], [51]. However, the limitation of these
methods is that when the discrepancy between the source and
target domains is excessive, the effectiveness of the learned
meta-knowledge declines sharply, severely constraining gen-
eralization capabilities.

In contrast, fine-tuning-based methods, have garnered sig-
nificant attention due to their flexibility and practicality. These
methods typically pretrain a strong backbone network on the
source domain, then freeze most parameters and fine-tune
only specific modules using a few samples from the target
domain [52], [53], [54]. For instance, ABCDFSS achieves
parameter-efficient adaptation by fine-tuning only lightweight
adapter modules [55]. TGCM explicitly models target-guided
knowledge transfer for robust cross-modal segmentation [71].
IFA provides stronger supervision signals for the fine-tuning
process by constructing bidirectional predictions [47]. More-
over, recent works have further advanced this field. Informative
Structure Adaptation (ISA) proposes a source-domain-free,
test-time adaptation strategy that automatically identifies and
progressively updates the most crucial model structures based
on support samples without retraining on the source domain
[72]. Another novel method, LLF, highlights that low-level
features are highly sensitive to domain shifts. It addresses
this by introducing a Low-level Enhancing Module via ran-
dom convolution perturbations and a Low-level Calibration
Module to correct cross-domain distortions [73], [74]. Dato
et al. [75] introduces a Dual-Agent Optimization frame-
work that simultaneously rectifies feature domain sensitivity
via frequency-domain mutual aggregation and corrects cross-
domain matching errors in the spatial domain. However, sig-
nificant differences exist in design philosophy and applicable
scenarios among different adapters. For example, AdapterHub
and AdaptFormer are designed for Vision Transformer archi-
tectures, focusing on interaction with self-attention modules
[56], [57]. Conversely, Conv-Adapter, though designed for
convolutional networks, has mostly been validated in image
classification tasks. When these adapters are directly applied
to scenarios where the architecture or task objective does not
match (e.g., dense prediction in semantic segmentation), their
performance may be limited [58], [59].

Although CDFSS methods have made progress, they uni-
versally face a cascading bottleneck when addressing extreme
scenarios like VIS-to-IR ship segmentation: (1) Insufficient
feature foundation: Many methods insufficiently model the
massive domain discrepancy during the feature alignment
stage. This results in low-quality shared features provided
by the pretrained model, burying latent risks for subsequent
few-shot learning; (2) Rough class adaptation: In few-shot
settings, models struggle to finely model the unique attributes
of new target domain categories from sparse supervisory
signals, leading to class confusion and loss of detail; (3)

Missing boundary refinement: The vast majority of methods
focus optimization on core mask prediction while neglecting
boundary quality, resulting in final outputs with evident defects
in structural integrity and boundary accuracy.

III. THE PROPOSED METHOD
A. Overall Framework

To address the significant domain discrepancy and the
scarcity of target domain samples in visible-to-infrared ship
image segmentation, we propose CAS-Net, as illustrated in
Fig. 2. It decouples the segmentation task into two sequen-
tial stages: cross-domain feature extraction and class-specific
adapter fine-tuning.

The first stage aims to learn shared feature representations
that are robust to both visible and infrared images under
conditions of significant domain discrepancy. To this end, we
design a dual-branch network fusing frequency domain and
convolutional information to extract cross-modal invariant fea-
tures. Meanwhile, to stabilize adversarial training under data-
scarce target domain conditions, we introduce a RCP strategy.
This strategy increases the difficulty of discriminator training,
thereby compelling the extractor to learn more generalizable
shared knowledge.

The second stage aims to achieve efficient adaptation for
new categories using extremely few annotated samples from
the target domain. To achieve this, we introduce independent,
lightweight class-specific adapters for each target category
and fine-tune them in conjunction with a self-supervised
contrastive learning strategy.

Finally, in the inference stage, to address the issue of coarse
segmentation boundaries prevalent in existing methods, we
introduce the SAM. We propose a prototype-driven prompt
generation mechanism that utilizes learned class semantics to
guide SAM in the fine-grained refinement of initial prediction
masks, ultimately outputting high-quality segmentation masks.

B. Stage I: Cross-Domain Feature Extraction

1) Feature Extraction Network: To simultaneously capture
spatial semantic information and structural texture information
critical for cross-domain tasks, we construct a parallel dual-
branch network architecture comprising a spatial branch and a
frequency branch. We term the feature enhancement structure
composed of the wavelet branch and fusion convolution as
the Wavelet-based Feature Enhancement (WFE) module. For
a given input image X, the two branches extract features in
parallel:

Fyp = Egp(X) (D

The Frequency Branch first processes the input image X
via Discrete Wavelet Transform (DWT). Unlike the Fourier
Transform, which discards spatial localization and only pro-
vides global frequency statistics, the wavelet transform yields
a localized time-frequency representation. This property is
particularly crucial for infrared target segmentation, where pre-
cise discrimination relies heavily on localized contour bound-
aries and shapes rather than fine-grained surface textures.
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Fig. 2. Overview of the proposed two-stage Cross-Domain Few-Shot Semantic Segmentation framework.

By retaining vital spatial structural details alongside high-
frequency edge responses, DWT effectively enhances cross-
domain feature robustness without losing critical geometric
semantics. Low-pass and high-pass filters are applied in the
horizontal and vertical directions, followed by 2x downsam-
pling, to decompose the image X into one low-frequency
sub-band X 1 ;, and three high-frequency sub-bands (horizontal
X gy, vertical X g, and diagonal X i) [60], specifically
expressed as:

(Xro, Xow, Xurp, Xpg) = DWT (X) 2

Considering that the three high-frequency sub-bands contain
more stable edge and texture details, we concatenate these sub-

bands and feed them into an independent frequency encoder
FE,, to generate deep frequency features F',:

F,=FE,(Concat ( Xy, Xur,Xun)) 3)

Finally, to achieve complementarity between the two modal-
ities, the spatial features F'y;, and frequency features F',, are
concatenated and fused through a fusion convolution layer to
form a unified cross-domain feature representation F'tyseq:

Ftyseqd = Conviyse(Concat(Fgp, Fy)) 4

where Concat (-) denotes feature concatenation along the
channel dimension; F',, and F', are the feature maps out-
put by the spatial and frequency branches, respectively;
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Convyyse(+) represents the fusion convolution layer that out-
puts the unified cross-domain feature representation F' g, scq.

2) Random Convolution Perturbation for Robust Adver-
sarial Training: To guide the network in learning domain-
invariant features, we introduce domain adversarial training.
Fundamentally, adversarial training constitutes a minimax
game between the feature extraction network and the dis-
criminator network. Specifically, the discriminator aims to
distinguish the domain origin of the input features, whereas
the feature extractor endeavors to deceive the discriminator by
generating domain-invariant features. This adversarial process
can be formulated as follows:

mbinmgx V(D,E) =Ex, p, [log D(E(X5))]
+Ex,~p, [log (1 — D(E(X})))].

where E(-) denotes the feature extractor; D(-) is the domain
discriminator, which is employed to predict whether the input
features originate from the source domain or the target domain;
X and X, represent the source and target domain images,
respectively; P, and P; denote their corresponding data distri-
butions; V(D, E) is the adversarial objective function.

When target domain samples are extremely scarce, the
discriminator is susceptible to overfitting on the limited data,
thereby backpropagating erroneous or unstable gradient sig-
nals to the feature extraction network [61]. To address this, we
introduce the RCP strategy, as illustrated in Fig. 3. The core
idea of this method is to apply a subtle, random convolution
perturbation to the target domain image before it enters the
feature extraction network, thereby generating hard samples
in an online manner to increase the difficulty of the discrimi-
nation task. Specifically, a random convolution kernel K,.,q,
whose parameters follow a normal distribution, is convolved
with the target domain image X, to generate a perturbed
image, denoted as:

&)

Xpe'r‘tm“bed = Xy * Krana,  Krand ~ N (07 0'2) (6)

where K,.,,q denotes the randomly generated convolution ker-
nel, whose parameters are sampled from a normal distribution
with a mean of 0 and a variance of ¢2. This perturbation
augments the diversity of target domain inputs while preserv-
ing the core semantic content. By increasing the difficulty
of the discrimination task, it effectively mitigates the risk of
discriminator overfitting and encourages the feature extraction
network to learn shared features that are less sensitive to
domain discrepancies.

C. Stage II: Class Adapter Fine-tuning

In this stage, as illustrated in Fig. 4, we freeze the pre-
trained shared feature extraction network and utilize extremely
few annotated samples from the target domain to achieve
efficient adaptation and refined segmentation. To this end,
we design independent class-specific adapters for semantic
modeling and employ SAM for boundary refinement.

1) Class-Specific Adapter: To achieve rapid adaptation to
new categories in the target domain while maximally pre-
serving the pre-trained universal cross-domain knowledge and
mitigating the risk of overfitting, we design an independent,

lightweight adapter A, for each target category c. In contrast
to fine-tuning the entire network or employing a single adapter
shared across all categories, this class-specific design allows
each adapter to specialize in learning the unique semantic fea-
tures of its corresponding category. This approach effectively
avoids inter-class interference, thereby enabling more precise
semantic modeling even with extremely scarce samples.

The adapter adopts a lightweight bottleneck architecture,
consisting of a down-projection convolution, a non-linear
activation, and an up-projection convolution, supplemented
by a residual connection. It is embedded within the high-
level feature paths of the frozen backbone network [61]. The
operation is formulated as:

AC(F):F+W6’2*U(WC’1*F)7 (7)

where F' denotes the features extracted by the backbone
network, W.; and W, represent the trainable weights
within the adapter, o(-) is the ReLU activation function, A,
represents the adapter of category c.

2) Adapter Fine-tuning via Self-Supervised Contrastive
Learning: Under conditions where only K-shot annotated
samples are available in the target domain, directly fine-
tuning the entire network is prone to overfitting and training
instability. To address this, in the second stage, we freeze the
shared feature extractor trained in the first stage and perform
parameter-efficient fine-tuning exclusively on the class-specific
adapters corresponding to the new categories in the target
domain. Furthermore, we exploit the structural and semantic
information within the limited annotated samples by construct-
ing self-supervised signals. This strategy comprises two com-
ponents: a pixel-level local consistency constraint and a class-
level prototype alignment constraint. The former emphasizes
feature consistency at spatially corresponding positions across
different views, while the latter enhances global semantic
separability at the category level.

Given a target domain input image X; and its corresponding
annotation mask Y, we apply random data augmentations
(e.g. random cropping, rotation, blurring, and noise perturba-
tion) to X to generate an augmented view:

X =T(Xy) ®)

where 7 () denotes the data augmentation operation. Let F(-)
denote the shared feature extractor obtained from the first
stage, and A°(-) denote the adapter corresponding to target
category. Both the original and augmented views are processed
by the frozen backbone and the corresponding class-specific
adapter to obtain the adapted feature representations:

Fy = A°(E(Xy)) ©)
F = A(BE(XE)) (10)

where F; and F;"Y denote the adapted feature maps. During
the training process, only the parameters of the adapter A€
are updated, while the feature extractor E'(-) remains frozen.
This strategy effectively mitigates the risk of overfitting un-
der few-shot conditions and maintains the stability of the
cross-domain shared representations. We establish pixel-level
supervisory signals between different views by constructing

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3704472

7

r—— - 77 77771

Source image |

Source features max

—— ===

| weigh N
I sharing - D - La v

Gradient \/‘ I

I Reversal A Discriminator

RCP Module Layer
(Random Convolution Perturbation) y I. — — —

» » i

~

X=X, * Ko

Target image Koa~ N (0.07) _
(Perturbed image)

(Random kernel)|

min

e Source domain flow

Target features = Target domain flow

Fig. 3. Illustration of the convolutional perturbation adversarial training strategy.

Class Adapter
—————— ~
R | I
% | \
777777777777 | |
r 4 ] | !
| | I |
Target | |
Enhanced | - L }
Images L - e
g |, - — T i
| | -
! i N
I
| ‘ | I
| I }
I I |
Target [N |
image | l mdl el mg | 7 | F, |
I ! |
| | J Y
‘- [
Bank %
| — )
w U Target ‘ r/ 4
N Enhanced ~ Storage p
Frozen Feature  DomainData 471000 0 ) Feature
Extractor Stream ata Stream  Stream  Adapted Features  progoype

Fig. 4. Illustration of Stage II: Adapter Fine-tuning. In this stage, the shared
feature extraction network trained in the first stage is frozen, and parameter
fine-tuning is performed exclusively on the class-specific adapters introduced
for the new categories in the target domain. For target domain images, two
data streams—an original view and an augmented view—are constructed via
random rotation, cropping, and noise addition. These streams pass through the
frozen backbone, where lightweight bottleneck adapters (consisting of down-
projection convolution, ReLU, and up-projection convolution with a residual
connection) specific to the corresponding category are inserted into the high-
level feature paths to learn class-unique semantics. Subsequently, at the pixel
level, dense contrastive alignment is performed using spatially corresponding
features from the original and augmented views to formulate self-supervised
signals. At the class level, foreground and background prototypes are ag-
gregated from masked regions to enforce prototype-level alignment, thereby
enhancing global class discriminability. Simultaneously, the adapted feature
representations and updated class prototypes are stored in a Memory Bank,
serving as the basis for generating initial masks via dense matching and for
generating positive/negative SAM prompt points based on prototype similarity.

pixel-wise correspondences within the feature space F'; and
F{"9. These correspondences serve to construct positive pairs
for the dense contrastive learning objective, constraining local
representations to remain consistent across different views, as
formulated in Eq. (19).

Sole reliance on local consistency may result in insufficient
semantic discriminability at the class level. Consequently,
we further construct prototypes to enhance global semantic
separability. Utilizing the annotation mask, we partition the
features into foreground and background regions and com-
pute the foreground prototype and background prototype via
masked average pooling:

1
Pp=—— Y filu) (11)
‘Q ‘ueﬂf
1
P=— 12
b= o ugbft(u) (12)

where Q¢ = {u | Yy(u) = 1}, Qp = {u | Y;(u) = 0} represent
the sets of foreground and background pixels, respectively.
Similarly, the prototypes P;"’ and Py for the augmented
view are obtained in the same manner. The prototype class
alignment loss is formulated in Eq. (20).

To stabilize training and accumulate cross-sample semantic
priors, we maintain a Memory Bank organized by category
to cache class feature and prototype information. During the
inference stage, the Memory Bank serves a dual purpose:
Dense Matching.It facilitates similarity calculation between
query image features and the class prototypes stored in the
Bank. This determines the most relevant category for the
current query, guiding the selection of the corresponding
class-specific adapter for feature modulation and initial seg-
mentation. Prompt Generation: Based on the foreground and
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background prototypes of the selected category, similarity
retrieval is performed on the query feature map to localize
positive and negative prompt points, thereby identifying high-
confidence geometric prompts for the subsequent SAM bound-
ary refinement.

(1)

Z fi(u)

1
Pp=—
] 55,

D. Inference Stage

In the inference stage, we design a two-step prediction
pipeline to balance semantic accuracy and boundary precision,
as illustrated in Fig. 5.

Step 1: Initial Semantic Mask Generation. First, we leverage
the stored Memory Bank. Upon inputting a query image, we
extract its features and perform dense matching against the
class prototypes stored in the Memory Bank. This yields an
initial probability map, which is subsequently thresholded to
obtain a binary initial mask. While this mask possesses high
semantic correctness, its boundaries may exhibit coarseness
due to the resolution limits of the feature map.

Step 2: SAM-based Boundary Refinement. To enhance
boundary quality and recover fine-grained structural details,
we incorporate the SAM for mask refinement. The core
innovation lies in our proposed Prototype-Driven Prompt Gen-
eration mechanism, which translates the learned class-level
semantic knowledge into geometric prompts intelligible to
SAM.Specifically, utilizing the foreground prototype pzf and
background prototype p? of the identified category, we perform
a global similarity search on the query feature map f,. The
location exhibiting the highest similarity to the foreground
prototype is selected as the Positive Prompt, while the loca-
tion most similar to the background prototype serves as the
Negative Prompt. This process is formulated as:

pos = arg max Sim( &, pi) (13)
i

neg = arg r(na3< sim( ‘g}j), pi) (14)
i

where sim(-, -) denotes the cosine similarity operation.
Subsequently, the query image, together with the generated
positive and negative prompt points, is fed into SAM to
yield a mask My, characterized by refined structures and
boundaries. Finally, to fuse the semantic reliability of the
initial prediction with the structural precision of the SAM
refinement, the final segmentation mask M ;4 is derived
from the pixel-wise intersection of the two:
Mfinal = M9n M]

sam

15)

E. Loss Functions

This section details the loss functions utilized to train the
proposed two-stage framework. Stage I: The loss function in
the first stage comprises a source domain segmentation loss
and a domain adversarial loss. The source domain segmenta-
tion loss ensures the supervised learning performance of the
segmentation network on the source domain. Meanwhile, the

domain adversarial loss encourages the segmentation network
to learn more domain-invariant representations by employing a
discriminator to distinguish between source and target domain
features. The total loss function for the segmentation network
is defined as:

Lcg = _NL Z

¥ (Xs,Y,)€ED,s

Y log(G(X5)) (16)

where Lo denotes the cross-entropy loss on the source
domain, X s represents the source domain samples, Y, de-
notes the corresponding ground truth labels, Ny is the number
of source domain training samples, and G(-) represents the
segmentation network.

The domain adversarial loss is formulated as:

Laay = Ex .~p,[log D(G(X))|+Ex,~p, [log(1 — D(G(X)))]

7)
where D(-) denotes the discriminator network, X ; represents
the target domain samples, X, represents the source domain
samples.

In summary, the total loss for the first stage is defined as:

Lyirst = Log +alpa (18)

where « is a weighting coefficient that controls the relative
importance (trade-off) between the cross-entropy segmentation
loss and the domain adversarial loss.

Stage II: In the second stage, we employ a self-supervised
contrastive learning strategy to fine-tune the class-specific
adapters. The total loss comprises a dense self-supervised em-
bedding alignment loss and a global class prototype alignment
loss.

The dense self-supervised embedding alignment loss is
formulated as:

H:W . au
I 1 fz:flog exp(sin(f;, £i"9) /1)
HeWy Zfzflvw exp(sin(f;, f?ug) /7)

19)
where f, and f;"Y denote the feature vector at the i-th spatial
position in the original view and the feature vector at the
corresponding position in the augmented view, respectively;
Hy and W represent the height and width of the feature map;
T is the temperature parameter.

The global class prototype alignment loss is defined as:

. aug
exp(sml(pf,pf ))
aug

exp(sim(pf,p?“g)> + exp(sim(ps, py 7))

(20)
where p; and p; represent the foreground and background
prototypes of the original view, respectively; p}“? and p;*?
denote the corresponding prototypes computed from the aug-
mented view.

The total loss for this stage is expressed as:

L, = —log

Lsecond = ane + 6[/1) (21)

where [ is a hyperparameter used to balance the weights of
the dense embedding alignment loss and the class prototype
alignment loss.
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IV. EXPERIMENTAL RESULTS AND ANALYSIS

To systematically validate the effectiveness of the pro-
posed two-stage cross-domain few-shot semantic segmenta-
tion method, this section presents a series of experiments
and analyses. First, we introduce the datasets, evaluation
metrics, and specific implementation details adopted in the
experiments. Subsequently, we compare the performance of
our method against various cross-domain few-shot semantic
segmentation methods and UDA methods. Finally, we conduct
ablation studies to analyze the actual contributions of key
components within the model. All experiments in this paper
were implemented using the PyTorch deep learning framework
on a hardware platform equipped with an NVIDIA RTX
A4000 GPU.

A. Dataset

As illustrated in Fig. 6, the experiments utilize the dataset
employed by Zhang et al. [19], with the source and target
domains defined as follows: The Source Domain comprises
2,961 visible ship images and their corresponding pixel-level
semantic labels, including a background class and four distinct
ship categories. The Target Domain consists of 614 infrared
ship images; however, under the few-shot setting, only an
extremely limited number of samples (K-shot) possess pixel-
level labels. Fig. 6 displays representative samples from the

Mask Intersection

SAM &

Segment Anything
Model

Average Pool
Feature

Visible ship a: f
e = i

Visible ship
label

Infrared
ship
image

Infrared
ship
Iabel

Fig. 6. Examples of the VI-Ship dataset images.

dataset. Specifically, the first and second rows show visible
images from the source domain and their corresponding labels,
exhibiting clear texture details; the third and fourth rows
present infrared images from the target domain and their
corresponding labels. Specifically, the dataset encompasses
four fine-grained ship categories. Furthermore, to ensure ro-
bustness across various thermal conditions, the infrared images
were collected at diverse imaging times, including morning,
daytime, evening, and night scenarios, covering comprehensive
background interference and temperature distributions.
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B. Evaluation Metrics

To comprehensively evaluate the segmentation performance
of the model on the target domain, we adopt two metrics
commonly used in the field: mean Intersection over Union
(mlIoU) and Pixel Accuracy (PA) [62], [63], [64].

Mean Intersection over Union (mloU) is a standard metric
for semantic segmentation tasks. It measures the degree of
overlap between the predicted segmentation region and the
ground truth region by calculating the ratio of their intersection
to their union [65], [66]. Assuming there are a total of K
categories, for the k-th category, the Intersection over Union
(IoU) is defined as:

TP,
TP, + FP, + FNy
where T' Py, F'P;, and F'Nj, denote the number of true positive,
false positive, and false negative pixels for the k-th class,
respectively.

mloU is obtained by calculating the average of the IoU

values across all K categories:

ToUj, = (22)

K
mloU = % > ToUy (23)
k=1
This metric provides a comprehensive assessment of segmen-
tation performance across all categories. It exhibits robustness
against class imbalance issues and effectively reflects the
overall quality of the model’s segmentation.
Pixel Accuracy (PA) measures the proportion of correctly
classified pixels relative to the total number of pixels and is
expressed as:

K
PA — Ek:l TP
K
Yoy (TP, + FPy)

Based on PA, the mean Pixel Accuracy (mPA) is calculated
by averaging the PA across all K categories. This provides a
balanced evaluation metric that equally weights the accuracy
of each class, making it robust against category imbalance in
the test set.

(24)

C. Implementation Details

(a) Network Architecture. CAS-Net primarily comprises
three components: a feature extraction network, a discrimina-
tor network, and class-specific adapters. The feature extraction
network utilizes ResNet-50 as its backbone. The class-specific
adapters adopt a lightweight bottleneck architecture. In the
adversarial training of the first stage, the discriminator network
is employed to distinguish whether features originate from the
source domain or the target domain. This network adopts a
five-layer convolutional structure. All convolution kernels are
set to a size of 4 x4 with a stride of 2, and the channel numbers
for the layers are 64, 128, 256, 512, and 1 , respectively.
The last layer uses a single output channel because the
discriminator performs domain classification and predicts a
domain probability. Finally, the discrimination result is output
through an activation function.

(b) Parameter settings. The training process of the pro-
posed model is divided into two stages, with specific parameter

10

settings as follows: In the first stage, both the feature extraction
network and the discriminator network are optimized using
the Adam optimizer. The initial learning rate 7 for the feature
extraction network is set to 2.5x 10™4, with a weight decay of
1x1075. The initial learning rate for the discriminator network
is set to 1 x 10, In the second stage, the backbone parameters
of the feature extraction network are frozen, and only the
adapters are fine-tuned. The adapters are optimized using the
Adam optimizer with an initial learning rate of 5 x 10~°. This
stage aims to adjust the high-level feature distribution via the
adapters to adapt to the semantic space of the infrared domain.

(c) Hyperparameter Sensitivity Analysis. To investigate
the influence of the balancing factors o and S on model
performance and determine their optimal values, we designed
the following experiments:

Sensitivity Analysis for a: In the first-stage loss function, «
governs the trade-off between the backbone cross-entropy loss
and the domain adversarial loss. We selected the candidate set
{0.5, 0.6, 0.7, 0.8, 0.9, 1} and determined the optimal value
by comparing the mlIoU results on the validation set. The
results are presented in Table 1.

TABLE I
THE SEGMENTATION RESULTS OF DIFFERENT «.
« 0.5 0.6 0.7 0.8 0.9 1
mloU(%) 61.44 61.87 6292 6319 63.05 62.59

As observed in Table I, the highest mIoU and optimal
segmentation performance are achieved when o = 0.8. Con-
sequently, & = 0.8 is adopted for all subsequent experiments.

Sensitivity Analysis for 3: In the second-stage loss function,
[ balances the weights of the self-supervised contrastive
loss and the class prototype alignment loss. We utilized the
candidate set {0.5, 0.6, 0.7, 0.8, 0.9, 1} and compared the
mloU results on the validation set to select the value. The
results are shown in Table II.

TABLE II
THE SEGMENTATION RESULTS OF DIFFERENT [3.
B 0.5 0.6 0.7 0.8 0.9 1
mloU(%) 6137 62.09 6243 6319 6252 61.20

As observed in Table II, when [ is relatively small
(e.g., 0.5), the model tends to over-rely on pixel-level self-
supervised contrastive learning. While this enhances local
consistency, the lack of strong constraints from global class
prototypes results in loose semantic modeling for novel cat-
egories, thereby increasing susceptibility to class confusion.
Conversely, when [ is relatively large (e.g., 1.0), the model
places excessive emphasis on global alignment with the few-
shot prototypes. Due to the extreme scarcity of samples in the
support set, the computed prototypes may inevitably exhibit
bias. Excessive constraints in this scenario cause the adapter
to overfit specific support samples, neglecting the rich internal
structural details of the images, which consequently degrades
the mIoU to 61.20%.
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Fig. 7. Qualitative visualization of segmentation results on the VI-Ship dataset.

D. Comparison with State-of-the-Art Methods setting. Even as the number of support set samples
increases to 10, the performance improvement of these
methods remains marginal, failing to fundamentally
overcome the bottleneck of domain discrepancy. This
demonstrates that in the absence of effective domain
adaptation mechanisms, simply increasing the number of
support samples cannot bridge the substantial semantic
gap between visible and infrared images. In contrast, our
method introduces cross-domain feature extraction in the

In this section, we conduct a comparative analysis of CAS-
Net against existing FSS methods and Cross-Domain Few-
Shot Semantic Segmentation (CDFSS) methods on the VI-
Ship dataset. Experiments are conducted under 1-shot, 2-shot,
3-shot, 5-shot, and 10-shot settings. The quantitative results
are presented in Table III, where bold numbers indicate the
best results. Partial visualization results are shown in Fig. 7.

From Table IIT and Fig. 7, it can be drawn that: first stage, effectively alleviating domain discrepancies.
1) Under the 1-shot setting, CAS-Net achieves an mIoU of 2) Compared to existing CDFSS methods, CAS-Net
63.19%, consistently outperforming the FSS methods. achieves mloU scores of 63.19%, 63.26%, 63.75%,
Speciﬁcally’ methods such as PGNet, PANet, and SSP 64.28%, and 64.86% under 1-shot, 2-shot, 3-shot, 5-shot,
generally yield mIoU scores below 40% in the 1-shot and 10-shot settings, respectively. For example, in the
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12
TABLE III
QUANTITATIVE PERFORMANCE COMPARISON WITH STATE-OF-THE-ART METHODS ON THE VI-SHIP DATASET.
Methods mloU mPA
I-shot  2-shot  3-shot  5-shot 10-shot 1-shot 2-shot 3-shot 5-shot  10-shot
Few-shot Segmentation Methods

PGNet 34.85 34.89 35.05 3491 34.98 40.89 42.24 43.56 46.89 47.93

PANet 35.96 35.99 36.23 37.23 37.41 32.96 39.45 4291 45.76 49.68

PFENet 37.58 37.88 38.25 39.56 39.77 45.89 47.56 50.59 51.86 55.74

HSNet 38.54 39.02 39.24 41.08 42.42 35.96 37.86 39.45 42.46 48.96

SSP 3941 39.71 40.52 42.87 42.96 39.54 41.89 43.12 48.92 50.23

Cross-domain Few-shot Segmentation Methods

PATNet 47.63 47.85 48.75 52.24 53.96 45.21 47.96 48.23 50.52 51.89

RestNet 48.10 48.51 48.88 51.69 53.12 45.25 49.65 52.69 55.69 60.58

APSeg 58.76 58.93 59.08 59.54 60.77 51.25 64.89 65.96 69.10 68.42

PMNet 53.89 54.23 54.42 55.95 56.07 62.59 63.45 65.91 66.87 68.24

ABCDEFSS 54.07 54.74 55.13 55.24 56.48 64.28 65.82 67.20 68.71 69.05

TGCM 55.12 55.92 56.42 58.89 59.52 57.93 60.59 65.91 66.51 69.62

IFA 56.36 56.89 57.62 58.74 59.10 54.26 55.96 60.25 61.85 63.96

ISA 53.21 53.88 54.75 55.34 56.03 63.89 64.70 66.97 67.01 68.23

LLF 60.04 60.89 61.21 62.17 62.88 62.18 66.07 68.38 69.09 70.05

DATO 58.59 58.85 59.02 60.54 61.08 62.84 64.73 67.22 68.43 69.29

CAS-Net 63.19 63.26 63.75 64.28 64.86 65.76 70.56 71.03 72.61 73.96
most challenging 1-shot setting, our method (63.19%) A _
significantly outperforms the second-best method, which 63 g;ksﬁ-.:ilo APSeg
is now the recently proposed LLF (60.04%), by 3.15%. o 40.96M
In the 10-shot setting, our mPA (73.96%) is 3.91% 60
higher than that of LLF (70.05%). This indicates that the - EFS“}\ D TGCM
proposed two-stage framework possesses stronger gen- g > o %B CEES!Q\O-J“M
eralization capabilities under extremely few-shot con- ;‘3 50 ResiNat T s 3416\‘3
ditions, even when compared to the most cutting-edge 2 35_3},1. _
models. 5 45 .P;S‘-‘gi[

3) In conclusion, CAS-Net achieves the highest mloU and = i i
pixel accuracy across all shot settiggs, with the advan- ™ 0 Ij:;‘,ft 3%5; Eg%;:;
tage being particularly pronounced in the extreme 1-shot b ‘ O
scenario. Furthermore, visualization results demonstrate 35 ) 'qﬁ_[
that the segmentation maps generated by our method EJ';;{:‘E 24 5M
exhibit clearer and more complete boundaries, thereby 30 >
validating the effectiveness of the proposed two-stage 20 25 30 33 C;LEL o ;; 50 35 60 63

cross-domain few-shot infrared ship semantic segmen-
tation framework.
Fig. 8. Comparison of computational efficiency and model size among dif-
ferent methods. The horizontal axis represents computational cost (GFLOPs),

and the size of each circle corresponds to the number of parameters (Params).
Different colors indicate different methods.

E. Analysis of Model Parameters and Computational Effi-
ciency

In addition to segmentation accuracy, computational com-

plexity (measured in FLOPs) and parameter count (Param-
eters) are crucial metrics for assessing a model’s potential
for real-world deployment [67], [68], [69]. This subsection
summarizes the resource overhead of various methods during
the training phase and provides a comprehensive comparison
in conjunction with the 1-shot mloU performance. The results

are presented in Table IV and Fig. 8. As illustrated in Fig. §,
CAS-Net resides in the top-left region of the chart. This indi-
cates that the model achieves a balance between performance
and efficiency, maintaining reasonable computational overhead
while upholding high segmentation accuracy.

It can be observed from Table IV that compared to compu-
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TABLE IV
1-sHOT MIOU, COMPUTATIONAL LOAD, AND PARAMETERS OF
COMPARED METHODS.

Methods I-shot mIoU  FLOPs (GFLOPs)  Parameters (M)
PGNet 34.85 45.06 22.40
PANet 35.96 47.23 24.50
PFENet 37.58 60.24 39.62
HSNet 38.54 32.51 29.10
SSP 39.41 51.21 30.60
PATNet 47.63 53.77 33.20
RestNet 48.10 43.98 35.80
APSeg 58.76 57.51 40.96
PMNet 53.89 53.84 34.60
ABCDFSS 54.07 53.01 35.10
TGCM 55.12 58.62 34.90
IFA 56.36 48.69 32.80
CAS-Net 61.44 47.88 33.62

tationally intensive methods such as APSeg (40.96M parame-
ters, 57.51 GFLOPs) and PFENet (39.62M parameters, 60.24
GFLOPs), our method (33.62M parameters, 47.88 GFLOPs)
exhibits a significant reduction in both parameter count and
computational cost. Conversely, the segmentation accuracy
(mloU) is improved by 2.68% and 23.86%, respectively. This
suggests that merely increasing model parameters does not
necessarily yield improvements in cross-domain performance;
rather, rational architectural design is paramount.

During the second training stage, the parameters of the
massive backbone network are frozen, and only the lightweight
class-specific adapters are updated. This design not only
circumvents the substantial computational burden associated
with full-parameter fine-tuning of the entire network but also
effectively prevents overfitting to target domain data under
few-shot conditions. Consequently, significant performance
gains are achieved at a lower parameter cost.

F. Comparison with UDA Methods

TABLE V
PERFORMANCE COMPARISON WITH UDA METHODS.

Methods mloU(%) mPA(%) ((fFLLOoP;S) Pa”(‘%ters
MDA-Net 5856  50.63  49.05 43.36
ADVENT 5459 5563  47.80 40.87
CPSL 5832 5796 4823 40.78
Sepico 6139 6295 4825 42.95
T-DANet  60.09  60.89  49.77 44.69
CAS-Net 6319 6576  47.88 33.62

To validate the effectiveness of our method under extremely
data-scarce conditions, this section compares its performance
against several classic UDA methods. Quantitative comparison
results are presented in Table V, and visualization results are
shown in Fig. 9. It is worth noting that UDA methods utilize
all unlabeled data from the target domain for training, whereas
our method employs only 1-shot labeled samples.

As observed in Table V and Fig. 9:

1) In terms of segmentation accuracy, CAS-Net achieves

an mloU of 63.19% using only 1-shot annotation, sur-

MDA-Net ADVENT CPSL T-DANet Label

Image

Sepico CAS-Net

Fig. 9. Qualitative comparison of segmentation results against various UDA
methods.

passing all compared UDA methods. Specifically, com-
pared to the best-performing UDA method, Sepico, our
method improves mloU by 1.80% and mPA by 2.81%.
Compared to ADVENT, mloU and mPA are improved
by 8.6% and 10.13%, respectively. This indicates that
in visible-to-infrared scenario, a small amount of pre-
cise supervisory signals is more effective than adaptive
alignment based on large-scale unlabeled data.

2) From the visualization results, as shown in the second
row of Fig. 9, CAS-Net yields the most complete seg-
mentation, whereas other UDA methods exhibit issues
such as missing hull regions or fragmented boundaries.
UDA methods typically require a substantial number
of target domain images to estimate statistical distri-
bution features, whereas our method achieves supe-
rior performance with only one sample per class. This
demonstrates the high practical value of the proposed
framework, particularly for tasks such as infrared ship
segmentation where data acquisition costs are high and
annotation is difficult.

3) In summary, the proposed method not only outperforms
UDA methods that rely on large-scale data in terms of
performance but also possesses an absolute advantage
in terms of data cost. Experimental results verify that
through rational cross-domain feature decoupling and
few-shot adaptation strategies, high-precision semantic
segmentation can be achieved in the infrared target
domain where data is extremely scarce.

G. Impact of Different Components

To quantify the contribution of each key component in CAS-
Net, we conduct an ablation study by selectively enabling
the Wavelet Branch, Class Adapters, and the inference-stage
SAM Refinement module while keeping the remaining settings
unchanged. Table VI reports the resulting mloU and mPA on
the target domain under different component configurations.

1) Class Adapters are pivotal for performance enhance-
ment. Upon introducing Class Adapters to the Baseline
(Exp. ii), mIoU surged from 30.75% to 53.12%, repre-
senting a substantial increase of 22.37%. This demon-
strates that in cross-domain few-shot scenarios, relying
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TABLE VI
ABLATION STUDY OF KEY MODEL COMPONENTS.

Methods ~ Wavelet Branch ~ Class Adapters  SAM Refinement mlIoU(%) mPA (%)

Baseline 30.75 31.63

i) v 32.06 33.48

(i) v 53.12 54.32

(iii) v 30.85 29.26

(iv) v v/ 54.07 55.64

(V) v v 3245 34.72

(vi) v v 62.03 62.51

(vii) v v v 63.19 65.76

TABLE VII H. Impact Analysis of Feature Enhancement Modules

PERFORMANCE COMPARISON OF DIFFERENT FEATURE ENHANCEMENT
MODULES.
To validate the effectiveness of our wavelet-based feature

Modules w/o Wavelet Gated-SCNN ACNet DANet APM WFE enhancement (WFE) module in cross-domain few-shot seg-
;-Sgot 2;-02 2?;‘2‘ (53(9)-32 224 ?;-;g gi;g mentation, we compare it with representative enhancement
-shot .1 . .7 21 63. . .
10-shot 6351 6364 6129 6399 6402 6486 strategies (e.g., Gated-SCNN, ACNet, DANet, and APM).

2)

3)

4)

solely on the backbone for feature extraction is insuffi-
cient; targeted adaptation modules are indispensable for
rectifying semantic deviations.

The Wavelet Branch effectively bolsters the robustness
of cross-domain features. Comparing Exp. (i) with the
Baseline, and Exp. (iv) with Exp. (ii), the incorporation
of the Wavelet Branch yielded mloU improvements
of 1.31% and 0.95%, respectively. This indicates that
frequency domain information serves as an effective
complement to spatial features, thereby enhancing the
model’s fundamental discriminative capability.

The efficacy of the SAM Refinement module is highly
contingent upon adapter guidance, exhibiting significant
synergy. When SAM was employed in isolation during
the inference stage (Exp. iii), performance showed neg-
ligible improvement over the Baseline. This is funda-
mentally because directly applying SAM to the origi-
nal infrared images without targeted semantic guidance
leads to severe over-segmentation. SAM behaves as a
class-agnostic foundation model; in complex infrared
scenes, it tends to indiscriminately segment irrelevant
salient regions (e.g., sea waves, vessel wakes, or thermal
background artifacts) due to the complete lack of target-
domain class priors. However, when combined with
Class Adapters (Exp. vi), mloU further increased sig-
nificantly by 8.91% (reaching 62.03%) over the adapter-
only configuration. This underscores that SAM requires
high-quality and class-specific semantic initial masks as
prompts to function effectively.

The full model achieves optimal performance through
multi-level synergy. Upon simultaneously integrating all
three modules (Exp. vii), the model attained an mloU
of 63.19%, reflecting a total improvement of 32.44%
compared to the Baseline. This confirms that the three
proposed components complement one another at dis-
tinct levels, collectively constituting a comprehensive
closed-loop framework ranging from feature extraction
to semantic adaptation and detailed refinement.

For a fair comparison, all methods are implemented with the
same backbone and training protocol, and only the feature
enhancement branch is replaced. Table VII presents the mloU
results under 1-shot, 5-shot, and 10-shot settings.

)

2)

3)

4)

The proposed WFE achieves the best performance across
all settings. Under 1-shot, 5-shot, and 10-shot settings,
our method achieves mloU scores of 63.19%, 64.28%,
and 64.86%, respectively. Compared to the Baseline
(without any enhancement structure), our method yields
improvements of 1.16%, 1.13%, and 1.35%, respec-
tively. This indicates that explicitly introducing fre-
quency domain information can effectively compensate
for the deficiencies of purely spatial convolution when
handling data with significant domain discrepancies.
Compared to spatial or channel attention mechanisms
(e.g., DANet), the Wavelet method is better suited for
cross-domain scenarios. Although DANet achieves an
mloU of 63.99% under the 10-shot setting, it remains
inferior to our method. This suggests that traditional at-
tention mechanisms exhibit limitations in cross-domain
generalization. Furthermore, ACNet performs poorly,
with an mloU of only 59.81% under the 1-shot setting.
This demonstrates that merely altering the receptive field
or enhancing the backbone via asymmetric convolution
fails to bridge the semantic gap induced by domain
shifts.

Compared to frequency-based methods such as APM,
our wavelet branch is more fine-grained. Although APM
also utilizes frequency domain information and outper-
forms the Baseline (1-shot mloU: 62.72%), it falls short
of our method. This is attributed to the fact that APM
is typically based on the Fourier Transform or simple
frequency domain masks, which are prone to losing
spatial positional information.

In summary, the designed wavelet branch successfully
exploits domain invariance within the frequency domain,
providing a more robust feature basis for the subsequent
adapter fine-tuning.
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TABLE VIII
PERFORMANCE COMPARISON OF DIFFERENT ADAPTER ARCHITECTURES.

Single- Conv-
Methods Adapter AdapterHub  AdaptFormer Adapter CAS
1-shot 55.74 61.54 60.12 55.89 63.19
5-shot 56.21 62.87 61.92 57.56 64.28
10-shot 56.83 63.51 62.44 58.17 64.86

L. Impact Analysis of Different Adapter Architecturess

To verify the effectiveness of the proposed Class-Specific
Adapter (CAS) during the few-shot fine-tuning stage, we
designed ablation studies focused on adapter structures in
this section. We compared our method against mainstream
lightweight adapter approaches, including representative meth-
ods such as Single-Adapter, AdapterHub, AdaptFormer, and
Conv-Adapter. To ensure fairness, all comparative experiments
were conducted using the identical backbone network and
training pipeline, with only the class adaptation module being
replaced. As observed in Table VIII:

1) The proposed Class-Specific Adapter (CAS) achieves
the highest accuracy across all settings. Under 1-shot,
5-shot, and 10-shot settings, its mloU reached 63.19%,
64.28%, and 64.86%, respectively. Compared to the
baseline method using a single shared adapter (Single-
Adapter), our method improved mloU by 7.45%, 8.07%,
and 8.03%, respectively. This indicates that under ex-
tremely few-shot conditions, decoupling parameter shar-
ing between categories is crucial for improving segmen-
tation performance.

2) Compared to generic lightweight adapters (e.g., Adapter-
Hub, AdaptFormer), our method demonstrates superior
efficacy. The 1-shot mloU scores for AdapterHub and
AdaptFormer are 61.54% and 60.12%, respectively. Al-
though they outperform the Single-Adapter, they remain
inferior to our method. Specifically, in the 1-shot sce-
nario, they are lower than our method by 1.65% and
3.07%, respectively; in the 5-shot scenario, the gaps
are 1.41% and 2.36%; and in the 10-shot scenario,
the gaps are 1.35% and 2.42%. This suggests that
discrepancies arise when adapters originally designed
for Transformer architectures are directly transferred to
CNN architectures.

3) Compared to classification-oriented adapters (e.g., Conv-
Adapter), our method performs significantly better.
Conv-Adapter exhibited the poorest performance among
all methods, with a 1-shot mIoU of only 55.89%. This
indicates that simple classification adapters are ill-suited
for handling complex dense prediction tasks.

4) In summary, the proposed Class-Specific Adapter suc-
cessfully addresses the limitations of generic adapters
in cross-domain few-shot segmentation tasks. It not
only avoids inter-class interference but also maximally
preserves spatial structural information conducive to
segmentation.
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J. Performance Comparison on the Public Agriculture-Vision
Dataset

To further validate the generalization capability of the
proposed method, we conducted an evaluation on Agriculture-
Vision [70], a public agricultural remote sensing dataset
depicting a scenario distinct from the ship detection task.
This dataset comprises a vast collection of high-resolution
aerial farmland imagery characterized by diverse surface crop
types and complex textural features, thereby posing a rigorous
challenge to the model’s cross-domain and few-shot adaptation
capabilities. Comparative experiments were conducted against
various FSS and CDFSS methods. The quantitative results are
presented in Table IX, and visualization results are shown in
Fig. 10.

PGNet

"

Tmage PANet

118
[
1 Lk

PMNet ABCDFSS TGCM

DATO  CAS-Net  Label

Fig. 10. Visual comparison of segmentation performance on the Agriculture-
Vision dataset.

From Table IX and Fig. 10, it can be obtained that:

1) We selected representative methods such as PGNet,
PANet, PFENet, HSNet, and SSP for comparison. The
experimental results indicate that although the perfor-
mance of these methods improves as the sample size in-
creases from 1-shot to 10-shot, their overall performance
encounters a bottleneck. Even SSP, the top-performing
method among them, achieves an mloU of only 26.78%
under the 1-shot setting and reaches only 31.25% under
the 10-shot setting.

2) Under the 1-shot setting, CAS-Net attains an mloU
of 42.12%, substantially surpassing the comparative
methods. As the sample size increases to 10-shot, our
mloU rises to 45.82%, with an mPA of 69.95%. It is
worth noting that the newly introduced methods achieve
strong performance among the baselines. However, com-
pared to LLF, which achieves the second-best 1-shot
performance, our method still improves mloU by 2.13%.
In the 10-shot scenario, our method outperforms the
second-best method (ISA) by 1.65% in mloU, and
surpasses LLF by 2.58% in mPA. This demonstrates
that, compared to the latest state-of-the-art cross-domain
approaches, CAS-Net more effectively overcomes the
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TABLE IX
RESULTS OF DIFFERENT METHODS ON THE AGRICULTURE-VISION DATASET.

Methods mloU mPA
1-shot  2-shot  3-shot 5-shot 10-shot 1-shot 2-shot 3-shot 5-shot  10-shot
Few-shot Segmentation Methods
PGNet 22.12 23.56 24 .81 2691 27.15 50.26 51.89 52.63 55.69 60.69
PANet 23.45 24.27 25.62 27.26 28.62 51.19 52.61 53.42 55.21 58.23
PFENet 23.95 24.61 24.84 28.36 29.74 45.29 47.69 47.92 48.65 52.96
HSNet 24.29 25.41 26.08 28.07 30.54 4291 43.13 43.59 47.96 50.57
SSP 26.78 27.08 27.59 29.63 31.25 43.51 44.66 45.71 51.98 57.62
Cross-domain Few-shot Segmentation Methods

PATNet 33.97 34.25 35.92 36.59 37.41 48.67 49.56 53.62 55.74 58.62
RestNet 34.52 35.62 37.05 38.24 40.22 47.12 48.62 49.05 52.97 53.83
APSeg 35.19 36.93 38.36 40.32 41.88 48.62 48.99 49.25 51.94 57.92
PMNet 36.94 37.52 38.41 40.35 41.36 50.77 51.85 52.09 54.44 56.28
ABCDFSS 39.52 40.66 40.92 42.63 43.57 55.26 59.62 60.23 63.51 64.85
TGCM 38.95 39.36 40.23 41.89 42.12 42.94 43.65 44.25 46.32 47.65
IFA 37.95 38.43 39.03 41.07 43.09 52.69 53.91 55.39 57.27 59.23
ISA 34.92 38.74 40.52 42.66 44.17 48.63 54.09 56.13 60.31 63.75
LLF 39.99 41.36 42.53 43.78 44.12 50.74 53.54 59.95 59.84 67.37
DATO 38.75 40.37 41.03 42.39 43.21 51.79 52.67 57.44 61.58 64.39
CAS-Net 42.12 43.95 44.29 44.93 45.82 58.69 60.52 63.85 65.78 69.95

domain shift from natural scenes to agricultural remote
sensing scenes.

3) Combining the quantitative numerical improvements
with the qualitative visualization maps (as shown in
Fig. 11), the practical efficacy of our method is clearly
observable. Existing few-shot methods (e.g., PANet)
and cross-domain few-shot methods (e.g., RestNet) of-
ten generate fragmented masks when processing farm-
land regions and struggle to distinguish between differ-
ent crop areas with similar textures. In contrast, our
method produces more accurate segmentation results
with sharper contours.

4) In conclusion, the proposed method exhibits excellent
cross-scenario generalization capabilities. Whether in
infrared ship segmentation tasks that emphasize object
contours or in agricultural remote sensing segmentation
tasks that emphasize surface textures, our method main-
tains robust high performance. This demonstrates the
practical value of the framework in addressing complex
cross-domain semantic segmentation tasks.

V. DISCUSSION

While the proposed CAS-Net demonstrates superior perfor-
mance in cross-domain few-shot infrared ship segmentation,
several aspects warrant further discussion. First, regarding
the modality gap, our framework largely alleviates VIS-to-IR
discrepancies through wavelet-based frequency enhancement
and adapter tuning. However, extreme maritime weather con-
ditions (e.g., heavy sea fog or rainstorms) can still degrade

infrared contour visibility, potentially affecting the prototype
matching reliability. Second, regarding computational effi-
ciency, although the adapter fine-tuning process is highly
parameter-efficient, the introduction of the Segment Anything
Model during the inference phase inherently increases the
overall computational burden and memory footprint. This
presents a trade-off between segmentation precision especially
boundary refinement and real-time deployment constraints on
edge devices. Future research will explore lightweight variants
of SAM or knowledge distillation techniques to compress the
boundary refinement module, striving to maintain the proposed
model’s high accuracy while satisfying the stringent latency
requirements of real-world maritime surveillance systems.

VI. CONCLUSION

In this paper, we propose a two-stage Cross-Domain Few-
Shot Semantic Segmentation (CDFSS) framework. In the first
stage, we design a dual-branch network integrating wavelet
transform and convolution. In the second stage, we design
independent class-specific adapters and perform efficient fine-
tuning on extremely limited samples via a self-supervised
contrastive learning strategy. Furthermore, we incorporate the
SAM as a post-processing module. By utilizing a prototype-
driven prompt generation mechanism, we refine the initial seg-
mentation masks, significantly enhancing boundary accuracy
and detail representation. Experimental results on the VI-Ship
and Agriculture-Vision datasets demonstrate that our method
outperforms comparative approaches across all metrics, with
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particularly notable improvements in the extreme 1-shot set-
ting, thereby validating the effectiveness and generalization
capability of the proposed framework. Despite the signifi-
cant performance breakthroughs achieved, the introduction of
the large-scale foundation model SAM inevitably increases
the system’s computational complexity and memory over-
head, limiting its real-time inference capabilities on resource-
constrained edge devices. In the future, we will conduct
research on model lightweighting and compression to reduce
inference costs while maintaining performance.
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