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Abstract

Referring Remote Sensing Image Segmentation (RRSIS)
aims to segment target objects in remote sensing (RS) images
based on textual descriptions. Although Segment Anything
Model 2 (SAM?2) has shown remarkable performance in vari-
ous segmentation tasks, its application to RRSIS presents sev-
eral challenges, including understanding the text-described
RS scenes and generating effective prompts from text. To ad-
dress these issues, we propose RS2-SAM2, a novel frame-
work that adapts SAM2 to RRSIS by aligning the adapted RS
features and textual features while providing pseudo-mask-
based dense prompts. Specifically, we employ a union en-
coder to jointly encode the visual and textual inputs, generat-
ing aligned visual and text embeddings as well as multimodal
class tokens. A bidirectional hierarchical fusion module is
introduced to adapt SAM2 to RS scenes and align adapted
visual features with the visually enhanced text embeddings,
improving the model’s interpretation of text-described RS
scenes. To provide precise target cues for SAM2, we de-
sign a mask prompt generator, which takes the visual em-
beddings and class tokens as input and produces a pseudo-
mask as the dense prompt of SAM2. Experimental results
on several RRSIS benchmarks demonstrate that RS2-SAM?2
achieves state-of-the-art performance.

Introduction

Referring Remote Sensing Image Segmentation (RRSIS)
(Liu et al. 2024b; Yuan et al. 2024) aims to segment speci-
fied targets from aerial images based on textual descriptions.
This task extends the capabilities of traditional Referring
Image Segmentation (RIS) (Wang et al. 2022; Yang et al.
2022; Liu et al. 2023a) by addressing the unique challenges
inherent to remote sensing images. These challenges include
handling diverse spatial scales, interpreting complex scene
contexts, and resolving ambiguous object boundaries, which
are particularly prevalent in remote sensing scenes.

Recent advances in the Segment Anything Model (SAM)
(Kirillov et al. 2023) and its variants (Zhang et al. 2023;
Xiong et al. 2024; Ke et al. 2024) have demonstrated signifi-
cant improvements in efficiency and accuracy for prompt-
able segmentation tasks in natural images. These models
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Figure 1: Comparison of two SAM2 adaptations for RRSIS.
(a) vanilla SAM2, (b) our RS2-SAM2.

exhibit powerful segmentation capabilities and robust inter-
active prompting mechanisms. Notably, SAM?2 (Ravi et al.
2024) incorporates the hierarchical encoder Hiera (Ryali
et al. 2023), enhancing its ability to process images with di-
verse spatial scales. However, despite these advancements,
applying SAM2 to RRSIS remains challenging due to the
unique complexities of remote sensing images.

First, while SAM2 performs well on natural images,
its effectiveness declines in remote sensing scenes due
to the low target distinguishability and limited fore-
ground—background contrast. Moreover, SAM2 struggles
to exploit spatial information from textual descriptions, as
shown in Fig. 1 (a). Although existing studies have at-
tempted to address these issues, significant room for im-
provement remains. For example, SAM2-Adapter (Chen
et al. 2024) modifies SAM2’s encoding process to better
adapt to complex scenes. However, this unimodal approach
lacks hierarchical information interaction, resulting in an
insufficient fine-grained understanding of textual informa-
tion. Consequently, achieving effective alignment of vision-
language information and improving generalization to com-
plex remote sensing scenes remain critical challenges in
adapting SAM2 for RRSIS. Second, SAM2’s lack of tex-



tual prompt integration limits its ability to generate prompts
aligned with textual descriptions. Previous RRSIS methods,
such as RMSIN (Liu et al. 2024b), rely on independent en-
coding for visual and textual inputs, but such traditional
encoder-decoder structures fail to effectively integrate tex-
tual information into SAM2. EVF-SAM (Zhang et al. 2024)
mitigates this by jointly encoding both modalities and gen-
erating sparse prompts via an MLP, achieving promising re-
sults on natural images. However, in remote sensing, sparse
prompts alone cannot ensure fine-grained understanding, es-
pecially for subtle or indistinct objects. Designing effective
text-based prompts to guide decoding therefore remains a
key challenge for adapting SAM2 to RRSIS.

To address these challenges, this paper proposes RS2-
SAM2, a novel RRSIS framework adapted from SAM?2. As
illustrated in Fig. 1 (b), our approach focuses on two key as-
pects: (1) adapting SAM?2 image features to remote sensing
scenes and aligning them with textual features during the
image encoding process, and (2) generating dense prompts
for precise segmentation. Specifically, to adapt SAM?2 to re-
mote sensing scenes and align remote sensing visual features
with textual features, we design a bidirectional hierarchical
fusion module, which is embedded both within and after the
frozen SAM2 image encoder. Initially, we utilize a union en-
coder to jointly encode visual and textual inputs, producing
semantically aligned visual and textual embeddings as well
as multimodal class tokens. Subsequently, our proposed fu-
sion module hierarchically aligns the visually enhanced tex-
tual embeddings with adapted remote sensing visual features
in the SAM2 encoder.

To equip SAM2 with more precise prompts, we introduce
a mask prompt generator. This module integrates jointly en-
coded visual embeddings and multimodal class tokens to
generate a pseudo-mask representing remote sensing target
objects. The pseudo-mask is then fed into the SAM2 prompt
encoder as a dense prompt, providing pixel-level positional
information to enhance the model’s segmentation capability.

Experimental results across several RRSIS benchmarks
demonstrate the superior performance of our model and the
effectiveness of the proposed modules. The primary contri-
butions of this work are outlined as follows:

* We propose the RS2-SAM?2 framework, which adapts the
SAM?2 model to the RRSIS task by hierarchically align-
ing the adapted remote sensing visual and textual fea-
tures, providing pseudo-mask-based dense prompts, and
enforcing boundary constraints.

* We design a bidirectional hierarchical fusion module that
adapts the SAM2 encoder to the remote sensing images
and aligns the adapted visual features with textual fea-
tures during the encoding process.

* We develop a mask prompt generator that leverages mul-
timodal features to produce a pseudo-mask as the dense
prompt, offering precise target cues for SAM2.

Related Work

Referring Remote Sensing Image Segmentation. RRSIS
emerges as an important research direction in remote sens-
ing (Wang et al. 2025a,b), allowing users to extract geospa-
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tial information through natural language queries (Yingrui Ji
2025). Compared to the remote sensing visual grounding
(RSVG) (Sun et al. 2022; Zhan, Xiong, and Yuan 2023;
Lan et al. 2024) task, RRSIS focuses on fine-grained pixel-
level analysis rather than region-level identification. How-
ever, research in this area remains in its early stages with
limited exploration. Yuan et al. (Yuan et al. 2024) pioneer
this task by introducing the RefsegRS dataset and adapting
the LAVT (Yang et al. 2022) framework for remote sens-
ing. To address challenges like small and fragmented tar-
gets easily confused with complex backgrounds, they de-
velop a multi-level feature fusion mechanism incorporat-
ing linguistic guidance, significantly enhancing small object
detection. Subsequently, Liu et al. (Liu et al. 2024b) build
upon the RSVG dataset DIOR-RSVG (Zhan, Xiong, and
Yuan 2023) to establish the first large-scale RRSIS dataset,
RRSIS-D. They further introduce the RMSIN architecture,
which leverages rotational convolution operations to better
handle spatial-scale variations and directional complexities
in remote sensing images, providing a more robust model-
ing framework for RRSIS. Building upon RMSIN (Liu et al.
2024b), Lei et al. propose FIANet (Lei et al. 2024), which
focuses more on fine-grained vision-language interaction
and adaptive understanding of objects at different scales.

Segment Anything Model. SAM (Kirillov et al. 2023) is
an interactive model designed to generate non-semantic seg-
mentation masks based on a variety of input prompts. Lever-
aging large-scale training data, it demonstrates strong gen-
eralization across diverse segmentation tasks. SAM has also
been widely utilized in multiple domains, including remote
sensing image analysis (Wang et al. 2024b, 2025c, 2024a),
video object tracking (Cheng et al. 2023; Yan et al. 2024),
and medical image segmentation (Yue et al. 2024; Cheng
et al. 2024). To improve its accuracy and efficiency, sev-
eral optimized versions (Zhang et al. 2023; Xiong et al.
2024; Zhong et al. 2024) have been developed. More re-
cently, SAM2 (Ravi et al. 2024) has been introduced for
video segmentation (Rong et al. 2025; Lan et al. 2023),
incorporating multi-scale feature encoding to enhance seg-
mentation robustness. Despite these advances, SAM remains
limited by its lack of linguistic understanding, preventing
it from directly handling referring segmentation tasks that
require textual guidance. To address this limitation, recent
works (Lai et al. 2024; Xu et al. 2023; Rasheed et al. 2024)
have explored integrating multimodal large language mod-
els (MLLMs) to enhance SAM’s ability to process language-
based instructions. LISA (Lai et al. 2024), for example, fine-
tunes LLaVA (Liu et al. 2024a) to derive hidden embed-
dings, thus producing multimodal features for enhanced seg-
mentation. u-LLaVA (Xu et al. 2023) extends this paradigm
by enabling simultaneous region- and pixel-level segmenta-
tion through multi-task learning. With its lightweight pre-
fusion strategy, EVF-SAM (Zhang et al. 2024) leverages
joint visual-language encoding to strengthen text-driven seg-
mentation prompts, achieving superior segmentation accu-
racy. However, while these models demonstrate strong per-
formance on natural images, their effectiveness in complex
remote sensing scenes (Zhang et al. 2025) remains limited,
underscoring the need for further refinement and adaptation.
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Figure 2: The overview of the proposed RS2-SAM2 framework. It consists of four key components: the union encoder, the
bidirectional hierarchical fusion module, the mask prompt generator, and SAM2. The union encoder extracts multimodal rep-
resentations from the input image and text. The bidirectional hierarchical fusion module enhances image features with textual
embeddings. The mask prompt generator produces a prior mask as the dense prompt for SAM2. Finally, SAM2 generates pre-
cise masks, while the text-guided boundary loss constrains their boundary accuracy.

Method

Overview

The architecture of the proposed RS2-SAM2 framework
is depicted in Fig. 2. RS2-SAM?2 comprises four essential
parts: the union encoder, the bidirectional hierarchical fusion
module, the mask prompt generator, and the SAM2 model.
Given an input remote sensing image Z and its associated
textual description £ = {el}lel, where L is the number of
words, the union encoder processes both modalities to ex-
tract a multimodal [CLS] token, visual patch embeddings,
and textual embeddings. The SAM2 image encoder, incor-
porating the bidirectional hierarchical fusion module, fur-
ther refines the extracted image features by leveraging tex-
tual information. Next, the mask prompt generator utilizes
the visual patch embeddings and the multimodal [CLS] to-
ken to produce a pseudo-mask estimate for the target object.
This prior mask, along with the multimodal [CLS] token,
serves as a guiding signal for SAM2. Ultimately, the SAM2
decoder synthesizes the extracted image features and gener-
ated prompts to produce high-precision segmentation masks.

Feature Extraction

To align visual and textual modalities in RRSIS, this work
uses the union BEIiT-3 encoder (Wang et al. 2023), follow-
ing (Zhang et al. 2024; Yu et al. 2024). Each input image
I, € RH«xWux3 iq divided into non-overlapping patches

P, € RNox(#*%3) and then projected to P, € RN»xD,
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where N, Hyx Wy
P

+ and D is the embedding dimension.
A visual class token Vg, € R ¥ and positional embedding

Voos € RWpt1)XD gpe prepended to obtain:

‘/0 = [‘/0157 Pv] + Vi)os
Text of length L is tokenized using XLM-Roberta (Con-
neau 2019) as Tyq. A class token and end-of-sequence
marker are added, followed by positional embedding: Ty =
[Tess, Teeqs Teos) + Tpos» where Ty € RNe*P and Ny = L +2.
The concatenated multimodal representation Uy is con-
structed as:

UO — [‘/0, TO] c R(Np+Nt+1)><D

After multimodal fusion and FFNs, the final representa-
tion U is obtained, which is decomposed into V, € R1*P,
V e RNe XD and T € RNt XD,

The SAM?2 image encoder with the proposed bidirec-
tional hierarchical fusion module encodes the input image
I, € RHXWsx3 Tt extracts multi-scale features, and the
final-layer output F), € R * 16 %C s used for decoding,
where H,, W, and C' denote the height, width, and channel
number of the SAM2 image encoder, respectively.

Bidirectional Hierarchical Fusion Module

Although SAM?2 demonstrates powerful segmentation capa-
bilities for natural images, it struggles to achieve accurate
segmentation for remote sensing images with more complex



scenes. Inspired by MSA (Wu et al. 2023), a straightforward
approach is to incorporate linear layers into the SAM2 im-
age encoder to enhance its adaptability to remote sensing im-
ages. However, for the RRSIS task, integrating textual infor-
mation during SAM2’s image encoding process could make
the model more sensitive to referred objects. To address this,
we designed a bidirectional hierarchical fusion module and
embedded it into SAM2 image encoder, enabling the visual
feature of SAM2 to better adapt to remote sensing scenes
and the referring text, thereby achieving more precise seg-
mentation.

As illustrated in Fig. 3, our bidirectional hierarchical fu-
sion module begins with the preprocessed SAM?2 image fea-
ture F; of the current layer being projected to a lower dimen-
sionality through a linear layer and an activation function.
Simultaneously, the text feature 7; of the current layer is also
projected to match the dimensionality of the image feature
using a linear layer. Subsequently, the image and text fea-
tures are utilized as query embeddings and key-value pairs,
respectively, and undergo cross-attention interaction to cap-
ture modality-specific dependencies. The resulting features
are then integrated with the pre-interaction representations
through element-wise addition. Following this, linear layers
are used to restore the dimensionality of both the image and
text features. The above process can be expressed by the fol-
lowing equation:

FZ/ = o(Linear(F})), T; = Linear(7}),
F = MHCA(F,,T) + F., M

K2
"

T, = MHCA(T, , F;) + T,

3

where o denotes the activation function GeLU and MHCA
represents the multi-head cross-attention layer.

To preserve textual integrity during visual enhance-
ment, the text feature is weighted and summed with
its pre-interaction representation. Meanwhile, after skip-
connection, the visual feature is summed with the original
image feature Fj,, of the current layer, then separately pro-
cessed by the MLP branch and the linear branch, followed
by weighted fusion. The entire process is depicted as fol-
lows: .,

Ti+1 =(1 — ay)T; + oyLinear(T; ),
F," =F;, + Linear(F, ) + F}, @
Fout =F, +MLP(LN(F, )+

aiLinear(J(Linear(Fim))),
here, o, represents the text weighting coefficient, F,,; de-
notes the image feature output to the next layer, and «; rep-
resents the image weighting coefficient.

After feature encoding, the original text feature 7' en-
coded by the union encoder is used to further guide the vi-
sual feature F' at the high-level. Specifically, the visual fea-
ture acts as query and interacts with the text feature as key-
value pairs through multi-head cross-attention. The resulting
feature is then element-wise multiplied with the visual fea-
ture before interaction, yielding the text-guided hierarchical
feature F.,,, which is subsequently fed into the SAM2 de-
coder for accurate decoding.

& N1

't% Freeze
1@: Pointwise Add!
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Figure 3: The structure of the bidirectional hierarchical fu-
sion module.

Mask Prompt Generator

Although the SAM?2 image feature has been hierarchically
guided by text features using the bidirectional hierarchical
fusion module, further providing pixel-level semantic guid-
ance could offer finer-grained textual information. Given
the excellent semantic alignment between the visual embed-
dings V' and the textual embeddings 7" in the joint encoding
process, we propose combining the multimodal [CLS] token
with visually aligned embeddings that are well-aligned with
text. This combination generates a multimodal pseudo-mask
prior, which provides pixel-level guidance for the SAM?2 de-
coding process.

As illustrated in Fig. 2, we first employ the multimodal
[CLS] token V., as query and the visual embeddings V" as
key-value pairs for cross-attention computation. The inter-
action result is then element-wise multiplied with the mul-
timodal [CLS] token to further align the multimodal to-
ken with visual information. Subsequently, the visual em-
beddings are reshaped into feature maps with dimensions

Hy  Wu and the multimodal token is passed through a

P
linear layer and broadcasted to match the shape of the vi-
sual embeddings. After element-wise multiplication, the re-
sult is input into the mask generator, composed of MLP lay-

ers, to produce the pseudo-mask M, ¢ R %5 that is
well-aligned with multimodal information.

The pseudo-mask M), is subsequently upsampled to di-
mensions H; and W using linear interpolation, to match the
feature size of the SAM2 decoder. This upsampled pseudo-
mask is subsequently fed as the dense prompt into the SAM?2
prompt encoder.

SAM2 Prompt Encoder and Mask Decoder

The prompt encoder in RS2-SAM?2 receives two inputs: a
dense prompt M, from the mask prompt generator and a
sparse prompt V¢ from the union encoder. Following EVF-
SAM (Zhang et al. 2024), V), is processed via a token MLP
and combined with zero-initialized sparse embeddings. To
ensure compatibility, the pixel-level prompt M), is adjusted
to the spatial dimensions of SAM?2 features before being in-
put as the dense spatial information into the mask decoder.
The SAM2 mask decoder leverages both sparse object-
level and dense pixel-level prompts: the sparse forms queries



with object tokens, while the latter, as a mask prior, is added
to visual features to enable direct high-resolution decoding.

Training Loss

RS2-SAM?2 utilizes a comprehensive loss function akin to
that proposed in (Liu et al. 2024b) to regulate the predicted
mask, formulated as follows:

L= >\ce£ce + )\dice‘cdice + )\tblﬁtbh (3)

where L., corresponds to the cross-entropy loss, Lg;.. de-
notes the DICE loss (Milletari, Navab, and Ahmadi 2016),
and Ly, signifies the text-guided boundary loss, a loss func-
tion we designed that uses text-weighted constraints to pre-
dict mask boundaries.

Text-guided Boundary Loss. In the RRSIS task, unlike nat-
ural images, the target objects often exhibit low visual dis-
tinguishability from the background, making the boundaries
of remote sensing targets less distinct. To address this, we
introduce a text-guided boundary loss function Ly to con-
strain the predicted mask boundaries. Specifically, we first
compute the difference between each pixel value and its
neighboring pixel value in both horizontal and vertical direc-
tions to obtain the gradient, which serves as an indicator for
boundary detection. Then, we abstract the text embeddings
T into sentence embeddings Ty, reduce their dimensional-
ity to a single scalar through a linear layer, and expand it to
match the size of the mask as a text-guided weighting factor
for the boundary gradient. Finally, we measure the boundary
similarity between the predicted mask and the ground truth
mask under the guidance of the text weights by MSE loss:

Vpre = Absdy,(Mpye) + Absdy, (M)
Vgt = AbSdh(Mgt) + AbSdU(Mgt)

L “4)
Loi =+ > (Linear(T%)(Vpre; — Vot;))’

i=1
where Absd;, and Absd,, represent the absolute differences
between adjacent pixels in the horizontal and vertical direc-
tions, respectively, while V denotes the gradient and NV is
the number of all pixels.

Experiments
Datasets and Metrics

Datasets. The experiments are conducted on two key RRSIS
datasets: RefSegRS (Yuan et al. 2024) and RRSIS-D (Liu
et al. 2024b). RefSegRS is the first remote sensing referring
segmentation dataset, containing 2172 images for training,
413 for validation, and 1817 for testing, each with a reso-
Iution of 512x512. RRSIS-D is a widely used large-scale
dataset in the RRSIS field, including 12181 training sam-
ples, 1740 validation samples, and 3481 test samples, with
each image sized at 800x800.

Evaluation Metrics. In accordance with the evaluation pro-
tocol established in (Liu et al. 2024b), we assess our model
using several metrics, including precision at various IoU
thresholds (Pr@0.5 to Pr@0.9), mean Intersection-over-
Union (mloU), and overall Intersection-over-Union (oloU).
These metrics are computed on the validation and test sets
of both RefSegRS and RRSIS-D datasets.
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Implementation Details

Model Settings. We initialize the key modules of SAM2 and
the union encoder using pre-trained weights from SAM2-
Hiera-Large (Ravi et al. 2024) and BEiT-3-Large (Wang
et al. 2023). For feature extraction, each image is resized
to 1024 x 1024 and 224 x 224, which are then fed into the
SAM2 image encoder with an output dimension of C' = 256
and the union encoder with an output dimension of D =
1024. Unlike SAM2’s full capabilities, we do not employ
its memory mechanism, focusing exclusively on image pro-
cessing. In the bidirectional hierarchical fusion module, we
set the text weight coefficient vy to 0.2 and the image weight
coefficient «; to 0.5.

Training Details. Experiments are conducted on 8 NVIDIA
GeForce RTX 4090 GPUs. The experiment adopts a setup
similar to (Lei et al. 2024), with training conducted for 60
epochs on the RefSegRS (Yuan et al. 2024) dataset and 40
epochs on the RRSIS-D (Liu et al. 2024b) dataset. We use
the AdamW optimizer (Loshchilov and Hutter 2018) with a
unified batch size of 1. The learning rates for models on Ref-
SegBS and RRSIS-D dataset are set to Se-5 and le-5, respec-
tively. To facilitate the adaptation of our designed modules
to remote sensing data, the learning rates for bidirectional
hierarchical fusion module and mask prompt generator are
assigned as le-4 on RefSegRS dataset and 5e-5 on RRSIS-
D dataset. All learning rates are reduced to 0.1 times their
original values during the last 10 epochs. The weighting co-
efficients for various loss functions are defined as follows:
)\dice = 0.]., )\ce = 1, and /\tbl =0.2.

Comparison with State-of-the-Art Methods

RefSegRS dataset. We conduct a comprehensive compar-
ison between our method, RS2-SAM?2, and several state-
of-the-art approaches on the RefSegRS (Yuan et al. 2024)
dataset. The results of the comparison are reported in Tab. 1.
It can be observed that our RS2-SAM2 achieves 88.03%
oloU and 85.21% mloU on the validation set, surpassing
the previous best method, RMSIN, by 5.62% in oloU and
11.37% in mloU. On the test set, it reaches 80.87% oloU
and 73.90% mloU, outperforming FIANet (Lei et al. 2024)
by 2.55% and 5.23%, respectively. Moreover, the Pr metric
exhibits significant improvements across all thresholds, par-
ticularly at Pr@0.7, Pr@0.8, and Pr@0.9, demonstrating the
model’s strong multimodal segmentation capabilities.
RRSIS-D dataset. We also conduct comparative experi-
ments between our RS2-SAM?2 and existing methods such
as LGCE (Yuan et al. 2024), LAVT (Yang et al. 2022), EVF-
SAM (Zhang et al. 2024) and RMSIN (Liu et al. 2024b),
etc., on the RRSIS-D (Liu et al. 2024b) dataset, with re-
sults documented in Tab. 2. On this dataset, our method
achieves the best performance, surpassing the current state-
of-the-art method RMSIN on the validation set by 4.59%
in Pr@0.5, 5.86% in Pr@0.6, 6.44% in Pr@0.7, 5.28% in
Pr@0.8, 5.97% in Pr@0.9, 1.89% in oloU, and 3.71% in
mloU. It also significantly outperformed existing methods
on the test set, demonstrating its strong capability in remote
sensing object segmentation.

Fig. 4 illustrates the visual comparison between our model
and RMSIN (Liu et al. 2024b) on the RRSIS-D dataset. The



Method Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 oloU mloU
Val Test Val Test Val Test Val Test Val Test Val Test Val Test
BRINet (Hu et al. 2020) 36.86 20.72 35.53 14.26 19.93 9.87 10.66 298 284 1.14 61.59 58.22 38.73 31.51
LSCM (Hui et al. 2020) 56.82 31.54 41.24 20.41 21.85 9.51 12.11 529 251 0.84 62.82 61.27 40.59 35.54
CMPC (Huang et al. 2020) 46.09 32.36 2645 14.14 1276 6.55 742 1776 1.39 0.22 63.55 55.39 42.08 40.63
CMSA (Ye et al. 2019) 39.24 28.07 38.44 20.25 20.39 12.71 11.79 5.61 1.52 0.83 65.84 64.53 43.62 41.47
RRN (Li et al. 2018) 55.43 30.26 4298 23.01 23.11 14.87 13.72 7.17 2.64 098 69.24 65.06 50.81 41.88
EVF-SAM (Zhang et al. 2024) 57.77 35.17 37.59 22.34 1624 936 4.87 2.86 1.86 0.39 59.61 5551 46.98 36.64
CMPC+ (Liu et al. 2021) 56.84 49.19 37.59 28.31 20.42 1531 10.67 8.12 278 2.55 70.62 66.53 47.13 43.65
CARIS (Liu et al. 2023b) 68.45 4540 47.10 27.19 25.52 15.08 14.62 887 3.71 198 7579 69.74 54.30 42.66
CRIS (Wang et al. 2022) 53.13 35.77 36.19 24.11 24.36 14.36 11.83 6.38 255 121 72.14 65.87 53.74 43.26
LAVT (Yang et al. 2022) 80.97 51.84 58.70 30.27 31.09 17.34 15.55 9.52 4.64 2.09 78.50 71.86 61.53 47.40
RIS-DMMI (Hu et al. 2023)  86.17 63.89 74.71 44.30 38.05 19.81 18.10 6.49 3.25 1.00 74.02 68.58 65.72 52.15
LGCE (Yuan et al. 2024) 90.72 73.75 86.31 61.14 71.93 39.46 32.95 16.02 10.21 5.45 83.56 76.81 72.51 59.96
RMSIN (Liu et al. 2024b) 93.97 79.20 89.33 65.99 74.25 4298 29.70 16.51 7.89 3.25 82.41 75.72 73.84 62.58
FIANet (Lei et al. 2024) - 8409 - 7705 - 61.86 - 3341 - 7.10 - 7832 - 68.67
RS2-SAM2 95.36 84.31 94.90 79.42 92.58 70.89 83.76 55.70 36.66 21.19 88.03 80.87 85.21 73.90

Table 1: Comparison with state-of-the-art methods on the RefSegRS dataset. The top-performing results are presented in bold,
while the second-best results are underlined. Our model achieves the best performance across all metrics.

Method Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 oloU mloU
Val Test Val Test Val Test Val Test Val Test Val Test Val Test
RRN (Li et al. 2018) 51.09 51.07 42.47 42.11 33.04 32.77 20.80 21.57 6.14 6.37 66.53 66.43 46.06 45.64
CMSA (Ye et al. 2019) 55.68 55.32 48.04 46.45 38.27 37.43 26.55 2539 9.02 8.15 69.68 69.39 48.85 48.54
LSCM (Hui et al. 2020) 57.12 56.02 48.04 46.25 37.87 37.70 26.37 25.28 793 827 69.28 69.05 50.36 49.92
CMPC (Huang et al. 2020) 57.93 55.83 48.85 47.40 38.50 36.94 2528 25.45 931 9.19 70.15 69.22 50.41 49.24
BRINet (Hu et al. 2020) 58.79 56.90 49.54 48.77 39.65 39.12 28.21 27.03 9.19 8.73 70.73 69.88 51.14 49.65
CMPC+ (Liu et al. 2021) 59.19 57.65 49.36 47.51 38.67 36.97 2591 24.33 8.16 7.78 70.14 68.64 51.41 50.24
LGCE (Yuan et al. 2024) 68.10 67.65 60.52 61.53 52.24 51.45 42.24 39.62 23.85 23.33 76.68 76.34 60.16 59.37
RIS-DMMI (Hu et al. 2023)  70.40 68.74 63.05 60.96 54.14 50.33 41.95 38.38 23.85 21.63 77.01 76.20 60.72 60.12
LAVT (Yang et al. 2022) 69.54 69.52 63.51 63.63 53.16 53.29 43.97 41.60 24.25 24.94 77.59 77.19 61.46 61.04
EVF-SAM (Zhang et al. 2024) 73.51 72.16 67.87 66.50 58.33 56.59 46.15 43.92 25.92 25.48 76.32 76.77 64.03 62.75
FIANet (Lei et al. 2024) - 7446 - 6696 - 5631 - 4283 - 2413 - 7691 - 64.01
RMSIN (Liu et al. 2024b) 74.66 74.26 68.22 67.25 57.41 55.93 4529 42.55 24.43 24.53 78.27 77.79 65.10 64.20
RS2-SAM2 79.25 77.56 74.08 72.34 63.85 61.76 50.57 47.92 30.40 29.73 80.16 78.99 68.81 66.72

Table 2: Comparison with state-of-the-art methods on the RRSIS-D dataset. The top-performing results are presented in bold,
while the second-best results are underlined. Our model achieves the best performance across all metrics.

results clearly indicate that RS2-SAM?2 consistently outper-
forms RMSIN, particularly in terms of accurate target local-
ization, reliable mask prediction, and boundary precision.

Model Analysis

In this section, we perform extensive ablation studies to an-
alyze the impact of the essential components in our RS2-
SAM?2 framework, as well as the effects of different model
configurations. The experiments are conducted on the test
dataset of RefSegRS (Yuan et al. 2024).

Components Analysis. To investigate the impact of key
components in our model, we first construct a baseline
model consisting solely of SAM2 and the union encoder.
As shown in Tab. 3, when the text-guided boundary loss
(L) is incorporated during training, the model achieves
38.63% mloU and 57.36% oloU, surpassing the baseline by
1.99% and 1.85%, respectively. Subsequently, on top of the
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model with L;;, we add the mask prompt generator (MPG),
which results in the RS2-SAM?2 achieving 60.20% mloU
and 70.89% oloU, an improvement of 21.57% and 13.53%
over the previous model. When the bidirectional hierarchi-
cal fusion module (BHFM) is added to the baseline model
with L;p;, the model shows a further increase of 30.08% in
mloU and 21.00% in oloU, further validating the superiority
of this module. Finally, when all components are integrated,
our RS2-SAM?2 achieves the best performance, with a mloU
of 73.90% and an oloU of 80.87%.

Mask Prompt Generator. In this section, we explore dif-
ferent interaction forms within the mask prompt generator
(MPG), with results presented in Tab. 4. When the multi-
head cross-attention (MHCA) between the multimodal to-
ken V., and visual embeddings V' is omitted, the perfor-
mance of RS2-SAM?2 drops by 2.31% in mloU and 0.98%
in oloU. These findings underscore the importance of further
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RS2-SAM2

a overpass on the right

(a)

a gray stadium at the bottom

the tiny chimney

(b) (©)

Figure 4: Visualization result on RRSIS-D. Compared to RMSIN (Liu et al. 2024b), RS2-SAM?2 demonstrates superior capa-

bility in handling local details and boundary regions.

Method Ly, MPGBHFM Pr@0.5 Pr@0.7 Pr@0.9 mloU oloU
Baseline 35.17 936 0.39 36.6455.51
RS2-SAM2 v/ 39.79 1249 0.39 38.6357.36
RS2-SAM2 v/ 71.00 43.42 396 60.2070.89
RS2-SAM2 v/ v 8189 61.86 7.10 68.7178.36
RS2-SAM2 v/ v 8431 70.89 21.19 73.9080.87

Table 3: Ablation study of different components of RS2-
SAM?2 on RefSegRS test set.

strengthening the semantic connections between the multi-
modal token and visual embeddings during the multimodal
mask prompt generation process.

Bidirectional Hierarchical Fusion Module. The effect of
different BHFM configurations is also investigated. We first
assess how the BHFM structure in the encoder influences
performance. A simple variant uses a linear adapter-like
layer without text interaction (“Linear”). Another uses text
to enhance visual features without feedback (“Uni”). The
third performs bidirectional enhancement between text and
vision (“Bi”). As shown in Tab. 4, the layer-by-layer bidi-
rectional enhancement proves more effective in infusing lin-
guistic cues into visual features, enabling progressive textual
refinement from low to high levels and resulting in more pre-
cise remote sensing segmentation.

Additionally, we investigate the impact of BHFM com-
ponents on segmentation performance by setting up experi-
ments where the BHFM cross-attention (BC) after encoding
and the BHFM layer (BL) without the encoder are removed.
The results in Tab. 4 indicate that both interactions during
and after encoding are essential. The hierarchical interaction
combining both can help the model understand text features
from a global to a local perspective, enhancing its pixel-level
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Method Settings Pr@0.5 Pr@0.7 Pr@0.9 mloU oloU
Interaction Form of MPG

RS2-SAM2 w/o MHCA 83.71 67.64 16.79 71.59 79.89
RS2-SAM2 w MHCA 8431 70.89 21.19 73.90 80.87
Structure of BHFM layer

RS2-SAM2  Linear  81.01 61.42 6.77 68.19 77.39
RS2-SAM2 Uni 81.23 63.84 14.14 70.10 78.93
RS2-SAM2 Bi 84.31 70.89 21.19 73.90 80.87
Components of BHFM

RS2-SAM2  w/oBC 7997 58.17 11.61 67.61 77.54
RS2-SAM2  w/oBL 7221 4348 479 61.08 72.33
RS2-SAM2 w BC&BL 84.31 70.89 21.19 73.90 80.87

Table 4: Model analysis of different settings in RS2-SAM?2.

understanding of text.

Conclusion

In this paper, we present RS2-SAM2, an advanced end-to-
end framework designed to enhance SAM?2 for RRSIS. Our
approach leverages a union encoder to jointly encode vi-
sual and textual features, producing semantically aligned
visual-text embeddings and multimodal class tokens. To ef-
fectively integrate spatial and textual information, we intro-
duce a bidirectional hierarchical fusion module, which in-
corporates textual semantics and spatial context both during
and after encoding, enabling a hierarchical refinement from
global to local levels. Additionally, a mask prompt gener-
ator generates multimodal mask as dense prompt, improv-
ing the segmentation of visually indistinct objects by pro-
viding stronger pixel-level guidance. Extensive experiments
on multiple RRSIS benchmarks demonstrate the superiority
of RS2-SAM2 over state-of-the-art methods, validating the
effectiveness of our proposed modules.
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