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Abstract—Cross-domain image segmentation plays a crucial
role in the field of image segmentation, as it helps to improve
the generalization ability of models across different datasets.
However, existing models overemphasize domain-invariant fea-
tures that are not specific to a particular domain, such as
cells in medical images or buildings in remote sensing images.
Consequently, they neglect the importance of domain-specific
features, such as object contours or boundaries.Therefore, we
propose Balanced Domain SAM(BDSAM), a model designed
to balance domain-specific features while enhancing domain-
invariant features.Specifically, we introduce an Iterative Opti-
mization Selection Module (IOSM). By leveraging query features
to continuously filter for more relevant pixels within the support
features, we automatically select these pixels as point prompts.
Furthermore, we propose a Domain-specific Feature Fusion
Module (DFFM). By extracting and fusing features from different
levels, we enhance the focus on domain-specific features.Extensive
experiments on four cross-domain datasets show that our model
has better average accuracy on 1-Shot and 5-Shot settings than
the state-of-the-art approaches respectively .

Index Terms—Cross-Domain Segmentation, Balance Domain,
Graph Attention Networks,Adapter

[. INTRODUCTION

Image segmentation, as one of the core tasks in modern
computer vision, aims to precisely segment the regions of
interest in an image to provide key semantic information for
subsequent tasks. With the development of deep learning,
segmentation models based on convolutional networks and
self-attention mechanisms have achieved significant progress
in modeling local details and global context, driving contin-
ual improvements in accuracy and robustness. However, the
variability in data distributions and differences in acquisition
devices in real-world scenarios still seriously constrain the
generalization capability of models to new domains. Cross-
domain image segmentation has become one of the hot topics
in current research because it can be trained on a specific
dataset and directly applied to another dataset with a different
distribution.
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In recent years, significant progress has been made in this
field [1] [2] [3].As a powerful and versatile visual segmen-
tation model, the Segment Anything Model (SAM) [4] and
its derivatives have achieved notable results in cross-domain
segmentation applications [5] [6].UrbanCross utilizes SAM
for key region extraction after segmentation and aligns these
regions semantically with text to optimize visual-language
matching [7].APSeg integrates support prototypes and pseudo
query prototypes and transforms input features into a stable
domain-invariant space [8].Despite achieving good segmen-
tation results, these models tend to overemphasize domain-
invariant features while neglecting domain-specific features,
leading to overfitting to the style of the source domain.

In summary, we propose a method called Balanced Domain
SAM(BDSAM).It balances domain-specific features while en-
hancing domain-invariant features to improve the model’s
generalization and accuracy. Specifically, we introduce an
Iterative Optimization Selection Module (IOSM). Since the
attention modules in the SAM mask decoder depend on
the positional information encoded from point prompts, we
use a graph attention network to aggregate similar features
and automatically select these nodes as point prompts for
the SAM decoder. In addition, to preserve domain-specific
characteristics such as boundaries and textures, and to prevent
the model from overfitting to the source-domain style, we pro-
pose a Domain-specific Feature Fusion Module (DFFM). This
module uses adapters to extract features from different layers
of the SAM decoder. After fusion, features from different
layers are assigned different weights at each hierarchical level,
thereby fully leveraging the multi-scale information provided
by the SAM encoder.

Our main contributions are as following:

1.We propose a Balanced Domain SAM(BDSAM) net-
work that enhances domain-invariant features while balancing
domain-specific features.

2. We propose an Iterative Optimization Selection Module
(IOSM) to enhance domain-invariant features. We also propose
a Domain-specific Feature Fusion Module (DFFM) to extract
and fuse features across different layers, achieving a balance
between domain-invariant and domain-specific features.
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Fig. 1: Illustration of our framework, which integrates an iterative optimization selection module and a domain-specific feature

fusion module.

3.In our extensive experiments across four cross-domain
datasets, the mean-IoU achieved surpasses that of the current
state-of-the-art methods.

II. RELATED WORKS
A. SAM in cross-domain segmentation

In the field of artificial intelligence, the trend of large-scale
foundation models in recent years has attracted widespread
attention. As a powerful and general-purpose visual segmenta-
tion model, SAM [4] can generate masks for specific regions of
interest through interactive clicks or the drawing of bounding
boxes, thereby achieving significant results in cross-domain
segmentation tasks. Common approaches in cross-domain seg-
mentation include data augmentation, generating pseudo-labels
for the target domain, and narrowing the domain gap through
adversarial learning. Regarding pseudo-label generation, the
LFMDA framework [9] proposes a SAM-guided local region
homogeneity strategy to improve the quality of pseudo-labels.
On the other hand, researchers from the Michigan team use
geometry-aware progressive propagation to spread labels to all
3D points, thereby extending semantic segmentation from two
dimensions to three. Concerning data augmentation, due to the
drawbacks of low contrast and relatively poor signal-to-noise
ratio in ultrasound images, the Nora framework [10], built
upon the SAM structure, improves robustness by adding adap-
tive noise to target features. The MAUP framework [11] starts
from the SAM prompt decoder and adaptively adjusts prompts
according to the complexity of the target region to enhance
the model’s segmentation of target features. The UrbanCross
architecture [7] further conducts adversarial training between
the augmented text and image features to keep the feature
distributions of the source and target domains consistent.

III. OUR METHOD

Our method consists of two core components: the Iterative
Optimization Selection Module (IOSM) and the Domain-
Specific Feature Fusion Module (DFFM). The DFFM performs
feature extraction and fusion through adapters. Our method is
illustrate in Fig.1.

A. Iterative Optimization Selection Module

Due to differences between source domain and target do-
main datasets, the model requires domain-invariant feature
extraction, retention, and enhancement. Therefore, we propose
an iterative optimization selection module. Instead of manually
annotating hints, it enhances efficiency and accuracy by com-
puting and filtering pixels more relevant to the query features
on the support features as point prompts.

First, we apply Graph Attention Networks (GAT) to the
features. Specifically, for a given image I, the object masks
{m;},_, generated by SAM, and the features F' (F'*, F%)
extracted from the backbone, masked average pooling (MAP)
is used to generate the initial visual prompts:

Next, we calculate the importance between node ¢ and node

7.
cos(vi, v;
wij = l(—lﬁ)7 2)
> ieq cos(vg,v;)

here, cos(, -) is the cosine similarity function, and w;; repre-
sents the weight between visual prompts. The higher weight
indicates stronger correlation between two nodes. Next, GAT
aggregates the weighted average of all neighboring nodes of



node ¢ and applies a residual connection to form the new
feature representation of node i:

l
T)i :Zwij 'U_j +Ui. (3)
Jj=1

We then use the inverse process of MAP, namely RMAP,
to recover the visual prompts into feature maps:

Both the query image and the support image undergo the
same operation, resulting in F'° and F9.For each support
image, foreground feature F' o and background feature szg
are obtained using the groundtruth mask. A coarse query mask
is obtained by calculating the cosine similarity between the
foreground (background) features and the support features:

M"' = cos(F*,F1). 6)

here, M = (M, M},), where M and M, denote the
coarse probability maps for the foreground and background
respectively. Then, features with high confidence in these two
regions are filtered out by setting a threshold 7.For global
features, we can average the features within the foreground
and background:

global ;, = MAP (F9, M}, > 71,) , ©)

here, MAP represents Masked Average Pooling. The same
operation can be used to obtain background global features
global,,. For each pixel location of the query feature, a
normalized similarity with the foreground/background support
features after filtering is used as a weight. The weighted
average yields the local support features guided by the query
feature:

local t4 = norm_sim (Fq, Még > ng) . @)

The same operation can be used to obtain background local
features local 4. Compared to the stability of global features,
local features are more detailed and can handle boundary
details. After obtaining the global and local features from up-
dates, we employ a linear fusion coefficient to fuse them with
the initial support features, F 7oand F’bsg . For the foreground:

F;g =0.5- F;g + 0.5 - global ¢, , (®)
Fbsg = 0.3 - global ,, + 0.7 - local pg. ©

The final mask prediction M 9 is generated by calculating
the cosine similarity between the updated support feature F'*
and the query feature F'?:

M ? = softmax (cos(F'?, Fs)) (10)

After obtaining the updated prediction mask M 7, to make
the prompts more representative.Inspired by maskSLIC [12],
we generate a bounding box for the mask of the image,
controlling the extraction of positive points from within the
mask and negative points from outside the mask. This can
guide SAM to enhance the segmentation of the target object
and reduce background interference.

Domain-specific
Feature
Extraction H
Adapter

Fig. 2: Ilustration of domain-specific feature extraction
adapter.

B. Domain-specific Feature Fusion Module

In SAM encoder, the lower layers contain more domain-
specific information, which is crucial for training the model’s
ability to extract edge details. Therefore, we insert an adapter
before the first normalization layer of each ViT block in the
SAM encoder, so as to extract both low-level and high-level
features.

As shown in Fig.2, we first use a linear projection layer to
reduce the feature dimension.After passing through a ReLU
activation function, we reshape the features for further spatial
information processing:

X7 = Reshape( ReLU(X;)). (11)

Next, we employ four average pooling (AP) layers with
different scales to obtain multi-resolution feature, capturing
information from varying spatial ranges. Following this, we
utilize 3x3 depthwise separable convolutional(DWConv) lay-
ers to enhance the local spatial structure representation of the
features, ensuring that the SAM learns features such as edges
and textures:

Xi;i= US(DWConV(AP(Xf))7 1< <4 (12)

Spatial features from different scales are concatenated along
the channel dimension and then fused using 1x1 convolution
to form richer content features:

Xi = g1a([X3,;, DWConv(X))))

e

13)

Finally, we reshape the features into tokens, then use a
Linear layer to up-project them back to the original dimension,



TABLE I: Comparison of model performance in 1-shot and 5-shot settings. The best methods are highlighted in bold

respectively.

Methods Backbone | Publication Deepglobe ISIC Chest X-ray FSS-1000 Average
I-shot ~ 5-shot | 1-shot 5-shot | I-shot 5-shot | l-shot 5-shot | 1-shot  5-shot
PATNet [13] Res-50 ECCV-22 379 43.0 412 53.6 66.6 70.2 78.6 81.2 56.07  62.00
ABCDEFSS [14] Res-50 CVPR-24 42.6 49.0 45.7 533 79.8 81.4 74.6 76.2 60.68  64.98
DRA [15] Res-50 CVPR-24 41.3 50.1 40.8 489 82.4 82.3 79.1 80.4 6090 6543
APSeg [8] ViT CVPR-24 359 40.0 454 54.0 84.1 84.5 79.7 81.9 6128  65.10
AFM [16] Res-50 NIPS-24 40.9 449 41.7 51.2 78.2 82.8 79.3 81.8 60.03  65.18
IFA [17] Res-50 CVPR-24 50.6 58.8 66.3 69.8 74.0 74.6 80.1 82.4 67.75  71.40
SDRC [18] ViT ICML-25 432 46.8 46.6 55.0 82.9 84.8 80.3 82.6 63.40  67.30
BDSAM Res-50 Ours 53.6 61.1 69.8 75.2 84.5 86.4 83.1 84.9 7275  76.90

and apply a residual connection with the input tokens to obtain
the final output:

X, = Linear(Reshape()_(i)) + X;. (14)

After extracting the multi-scale information, if only the
final output of the last layer of the image encoder is used
as input to the mask decoder, the multi-scale information
cannot be integrated. Therefore, we assign fusion features to
different levels using different weight assignments. We extract
output features from the 3rd, 6th, 9th, and 12th layers of the
SAM encoder and denote them as Xl(z = 3,6,9,12). First,
we concatenate them through 1x1 convolutions to obtain the
aggregated feature:

X, = ¢1x1([X3, X6, Xo, X12]). (15)

Then, we use Global Average Pooling (GAP) to transform
each feature map into a single numerical value, representing
the overall response of that feature map. Subsequently, a 1x1
convolution is used to generate weightsf .

0 = §(GAP(¢1:1(X.))),

where 0 denotes the Sigmoid function.Finally, we obtain the
fused feature Iy as follows:

Fr= Y (6% %)
i=3,6,9,12
IV. EXPERIMENTS
A. Datasets and Implementation Details

We train our model on the PASCAL VOC 2012 [19] dataset
augmented with SBD [20], then evaluate the trained model on
four target domain datasets: Deepglobe [21], ISIC [22], Chest
X-Ray [23], and FSS-1000 [24].

Deepglobe is a satellite remote sensing dataset includes
urban areas, agricultural land, shrub-grassland/wooded mead-
ows, forest, water bodies, wasteland, and unknown classes.,
and unknown. ISIC is a medical image dataset for skin cancer
screening, containing 2594 skin lesion images including three
major types of skin lesions. Chest X-ray is a dataset of
tuberculosis diagnosis X-ray images, containing 566 medical
images . FSS-1000 is a natural image dataset designed for few-
shot segmentation, containing 1000 target categories, with 10
images annotated per category.
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Fig. 3: Visual comparison of our method and previous CD-
FSS methods.

Our baseline model is SSP [25], using a ResNet-50 pre-
trained on ImageNet [26] as the backbone. For SAM, we use
the base version. All images are resized to 400 x 400 for input.
The numbers of positive and negative point prompts are both
set to 20. During training, we set the batch size to 6 and the
number of episodes to 6000. The learning rate starts at 0.001
and is gradually reduced to 0.0001. We use SGD optimizer
with momentum 0.9 and weight decay S5e-4.For evaluation,
we use mean Intersection over Union (mloU) as the evaluation
metric, and report average results over 5 random seeds. Each
run consists of 600 episodes sampled from Deepglobe, ISIC,
and Chest X-ray respectively, and 1200 episodes from FSS-
1000.

B. Comparisons with State-of-the-arts

Table I shows a comparison between BDSAM and the
previous CD-FSS methods under 1-shot and 5-shot settings.
In the 1-shot setting, our method surpasses the best method
by 5% in average IoU, and in the 5-shot setting by 5.5%.
This establishes that our proposed method can achieve strong
performance in CD-FSS tasks. Furthermore, compared with
other SAM-based methods (such as APSeg, He et al., 2024)
in 1-shot and 5-shot settings, GPRN achieves significant im-
provements of 14.47% and 11.8%, respectively. These results
highlight the effectiveness of the proposed module in fully
leveraging SAM’s potential in CD-FSS.

Fig. 3 presents visual results compared with other methods.
We used the same image and compared five methods: PATNet



TABLE II: Effects of each proposed component on the Deep-
globe dataset.

Method | 1-shot  5-shot
baseline 48.8 56.5
baseline +IOSM 52.4 59.2
baseline +DFFM 52.1 58.9
baseline +I0SM+DFFM 53.6 61.1

TABLE III: Effects of number of point prompts on Deepglobe
dataset.

Foreground Background | 1-shot mIoU
10 0 50.4
10 10 52.5
20 20 53.6
30 30 52.8

[13], ABCDEFSS [14], APSeg [8], IFA [17], and BDSAM. The
last column shows the results obtained by our model. It is not
hard to see that the segmentation results from the remaining
methods will, to some extent, have missing parts, especially at
the edges of objects or at regions where objects are stacked.
Our method can not only identify the target object, but also
make the segmentation at the edge parts more apparent. This
reflects the advanced nature of our method.

C. Ablation Studies

1) Effects of each proposed component: Table II shows the
impact of key components of BDSAM on the accuracy of the
Deepglobe dataset. The first line represents our baseline. It
can be seen that in the 1-shot setting, simply adding IOSM,
which enhances domain-invariant features by iteratively min-
ing reliable point prompts, increases mloU by 3.6%. Likewise,
simply adding DFFM, which uses the SAM encoder to extract
and fuse multi-scale features to strengthen domain-specific
features, increases mloU by 3.3%. When both are combined,
the improvement on top of the baseline reaches 4.8%. This
supports our “balancing” claim: they contribute from different
perspectives and achieve the best results when used together.

Fig. 4 shows the segmentation results obtained by our
components. From left to right, they are the image, ground
truth, the IOSM segmentation map, the DFFM segmentation
map, and the BDSAM segmentation map. It can be seen that
whether only IOSM is added or only DFFM is added, the
segmentation results are not clear. For example, in the second
row, in experiments on the Deepglobe dataset under 1-shot
setting, simply adding IOSM can identify the water bodies in
the image, but it also causes other categories, such as urban
areas and agriculture, to be treated as target regions. When
only adding DFFM, the background and foreground become
confused, making it impossible to correctly segment the target
regions.Only when the two modules are used together can the
segmentation achieve the best performance.

2) Effects of number of point prompts: The number of
point prompts affects the segmentation of the target object

; F
L
1e

Fig. 4: Visualization of each proposed component segmenta-
tion.

IOSM

DFFM BDSAM

TABLE 1V: Effects of different attention mechanisms on the
Deepglobe dataset.

Method | 1-shot  5-shot
Self-attention 51.8 57.8
Multi-head attention 51.6 59.2
Spatial attention 52.5 60.3
Graph attention 53.6 61.1

and the interference from the background. From the first
and second rows of Table III, it can be seen that selecting
negative point prompts from the background can also improve
performance. When the number of point prompts for both
foreground and background is set to 20, the model achieves
the best performance.However, when both are set to 30, the
mIOU decreases by 0.8% and the computation increases.
Therefore, we ultimately set the number of point prompts for
both foreground and background to 20.

3) Effects of different attention mechanisms.: In 10SM,
we use graph attention networks to enhance image feature
representations. In addition, we compare with several other
ways of enhancing feature representations. On the Deepglobe
dataset, we operate on features using self-attention networks,
multi-head attention networks, spatial attention networks, and
graph attention networks, respectively. As shown in the TA-
BLE IV, applying graph attention to the features yields the best
mlIOU, improving by about 1%-3% over the other attention
mechanisms. This indicates that, for the cross-domain image
segmentation task, graph attention networks can effectively
aggregate information of the segmentation target, thereby
boosting expressive power.

4) Effects of feature fusion at different levels in the adapter.:
In the DFFM module, we separately extract the low-level
and high-level features of each ViT from the SAM encoder



TABLE V: Effects of feature fusion at different levels in the
adapter on the Deepglobe dataset

Method | 1-shot
Domain-invariant 48.9
Domain-specific 50.1
Both 53.6

and fuse them. We conducted a comparative study on the
Deepglobe dataset. The TABLE V shows that if only domain-
specific features are extracted and fused, the mloU decreases
by 3.5%. Likewise, if only domain-invariant features are
extracted and fused, the mloU decreases by 4.7%. Only when
both are extracted and fused together does the performance
reach its best. This demonstrates the importance of balanc-
ing domain-invariant features and domain-specific features in
cross-domain segmentation, and also highlights the necessity
of our research.

V. CONCLUSION

In this work, we propose a Balanced Domain SAM mod-
ule(BDSAM) to address the imbalance of attention to domain-
specific and domain-invariant features in cross-domain image
segmentation tasks. Specifically, we introduce an Iterative Op-
timization Selection Module (IOSM). It continuously searches
for more relevant and reliable pixels in support features
using query features and automatically selects these as point
prompts. Furthermore, to preserve domain-invariant features
and prevent model overfitting, we propose a Domain-Specific
Feature Fusion Module (DFFM). This module extracts and
fuses features from different layers of the SAM decoder,
then attaches them to features at different scales with varying
weights.The model we propose demonstrates state-of-the-art
performance on all four cross-domain datasets.
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