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Abstract: Multimodal feature alignment is a key challenge in referring remote sensing
image segmentation (RRSIS). The complex spatial relationships and multi-scale targets
in remote sensing images call for efficient cross-modal mapping and fine-grained feature
alignment. Existing approaches typically rely on cross-attention for multimodal fusion,
which increases model complexity. To address this, we introduce the concept of prompt
learning in RRSIS and propose a parameter-efficient multimodal prompt-guided bidirec-
tional fusion (MPBF) architecture. MPBF combines both early and late fusion strategies. In
the early fusion stage, it conducts the deep fusion of linguistic and visual features through
cross-modal prompt coupling. In the late fusion stage, to handle the multi-scale nature
of remote sensing targets, a scale refinement module is proposed to capture diverse scale
representations, and a vision-language alignment module is employed for pixel-level
multimodal semantic associations. Comparative experiments and ablation studies on a
public dataset demonstrate that MPBF significantly outperformed existing state-of-the-art
methods with relatively small computational overhead, highlighting its effectiveness and
efficiency for RRSIS. Further application experiments on a custom dataset confirm the
method’s practicality and robustness in real-world scenarios.

Keywords: remote sensing; referring image segmentation; prompt learning; bidirectional fusion

1. Introduction

Referring remote sensing image segmentation (RRSIS) [1,2] integrates both linguistic
and visual modalities to precisely segment targets based on natural language descrip-
tions. Compared to purely image-based semantic segmentation, incorporating high-level
semantic information from the linguistic modality, such as color, size, shape, and spatial re-
lationships, significantly enhances the model’s ability to understand complex scenes [3-5].
The integration of text descriptions offers significant advantages by improving the flex-
ibility of target segmentation and enhancing the user-friendliness of human—computer
interaction [6-8], which has broad application prospects in applications such as marine
target detection and tracking, as well as hazard detection along high-speed rail lines. Con-
sequently, RRSIS has emerged as a key frontier in the field of intelligent remote sensing
image analysis.

RRSIS aims to comprehend specific objects referred to by a text description, map the
referring relationships to the spatial semantics of the remote sensing image, and accurately
locate and segment the target objects. However, there are significant differences between
remote sensing images and natural images in terms of spatial semantic representation,
primarily reflected in the following two aspects. First, the diversity of land cover and
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the distribution complexity of targets introduce intricate spatial relationships [9]. The
inherent flexibility of language expression further increases the uncertainty in cross-domain
mapping between visual and linguistic information, making it challenging to accurately
interpret spatial semantics in remote sensing images. Second, the unique imaging altitude
of aerial and satellite remote sensing platforms results in ground targets appearing at small
scales. This requires robust cross-modal fine-grained alignment capabilities in models
to establish pixel-level semantic associations. Therefore, accurate cross-modal mapping
and fine-grained feature alignment between freely expressed text descriptions and high-
resolution images remain fundamental challenges in RRSIS.

These challenges can be addressed through the effective fusion of multimodal features.
Existing studies can be categorized into early fusion [10-12] and late fusion [3,13-15] ap-
proaches based on the stage at which fusion occurs. Earlier research primarily focused
on late fusion methods, where encoded linguistic and visual features were integrated by
concatenation and bilinear fusion. While simple to implement, late fusion methods are
limited in their capacity for deep multimodal interaction [16,17], yielding multimodal
features that still retain inherent differences between modalities. With the remarkable suc-
cess of transformer [18] architectures in natural language processing and computer vision,
transformer-based referring segmentation methods have provided a unified framework
for handling different modalities [19], advancing research in early fusion. Compared to
late fusion, early fusion enables cross-modal interactions at the feature encoding stage,
achieving deeper feature integration by introducing additional modality-guided learning
during the feature extraction process. However, most existing early fusion methods adopt
a unidirectional fusion strategy from language to vision, lacking guidance from the visual
modality in the learning of linguistic features, leading to linguistic representations that lack
the contextual information provided by the image. To address this issue, CoupAlign [20] in-
troduces precise multimodal alignment through word-pixel and sentence-mask alignment
modules, while CrossVLT [21] incorporates a bidirectional fusion module at the encoding
stage to enhance interactions between visual and linguistic features. These approaches
effectively embed multimodal features using cross-attention mechanisms. However, as
cross-attention heavily relies on large-scale matrix multiplications, it significantly increases
computational complexity, complicating model optimization.

According to the above analysis, in this paper, we propose a multimodal prompt-
guided bidirectional fusion (MPBF) architecture. MPBF simultaneously employs early
and late fusion strategies, leveraging multimodal prompts to facilitate efficient feature
interaction and semantic alignment, thereby enhancing the deep fusion of multimodal
features in RRSIS. In the early fusion stage, we embed learnable prompts into both image
and text encoders, and impose a constraint mapping between the prompts from both
modalities via coupling functions, which project linguistic and visual features into a shared
latent space for deep fusion, enabling cross-modal collaboration with a small amount of
additional parameters. In the late fusion stage, visual and linguistic features are further
aligned at the pixel level through a scale-aware visual-language fine-grained alignment
decoder. To tackle the multi-scale nature of remote sensing targets, we capture diverse scale
representations through parallel multi-branch receptive field fusion. Additionally, several
visual-language sequential interaction (VLSI) processes are employed to conduct deep
multimodal feature interaction. The multimodal prompts generated in the early fusion
stage are also integrated into VLSI processes during the late fusion stage. This integration
provides prior knowledge of cross-modal coordination from the encoding stage, enhancing
the model’s ability to perceive fine-grained features.

The main contributions of this article can be summarized as follows:
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¢  We apply multimodal prompting to RRSIS and propose a novel architecture termed
multimodal prompt-guided bidirectional fusion (MPBF). This architecture leverages
multimodal prompts as a medium for bidirectional fusion of visual and linguistic
features. By coupling learnable prompt vectors embedded within image and text
encoders, MPBF achieves deep integration of multimodal features in a shared latent
space with minimal additional parameters.

¢  To enhance fine-grained segmentation, we introduce a scale-aware visual-language
fine-grained alignment decoder. This decoder incorporates a scale refinement (SR)
module that significantly improves the model’s ability to learn fine-grained scale repre-
sentations. Additionally, the VLSI process establishes pixel-level semantic associations
between visual and linguistic features, further enhancing the model’s robustness in
recognizing multi-scale targets.

*  Performance evaluations on public datasets demonstrate that our method achieved
state-of-the-art (SOTA) results. Validation experiments in real-world application
scenarios further confirm that our approach retains high segmentation accuracy, even
in complex environments with substantial background noise interference, highlighting
its practical value.

2. Related Work
2.1. Referring Image Segmentation

Referring image segmentation (RIS) is an intersecting research area in computer vision
and natural language processing (NLP). One of the earliest attempts in this field was
based on convolutional neural networks (CNN) and LSTM [22] architectures. Hu et al. [3]
were the first to propose and implement the RIS task, employing VGG-16 and LSTM as
the image and text encoders, respectively. The extracted visual and linguistic features
were concatenated and then fused using a fully convolutional network to generate the
segmentation mask. Building on this work, CNN+LSTM became the dominant framework
in early studies [23-26]. For example, Liu et al. [23] introduced a multimodal LSTM that
recursively models word-level features in sentences; Margffoy-Tuay et al. [25] designed
dynamic filtering kernels from linguistic features to refine text-relevant image regions;
Chen et al. [26] integrated referring expression generation with segmentation, enforcing
consistency between the text and segmentation masks to enhance both linguistic and
visual representations.

Despite their simplicity, CNN+LSTM methods suffer from inherent limitations. CNNs
struggle to capture long-range dependencies in images, and the recursive structure of
LSTMs is inefficient for processing long text sequences. Consequently, these architectures
show poor adaptability to long-text descriptions and multi-object scenarios.

With the transformer architectures demonstrating outstanding performance in natural
language processing and vision tasks, transformer-based approaches have become the
state-of-the-art in RIS. For instance, LAVT [27] employed Swin transformer [28] as the
image encoder, integrated BERT [29] for text embeddings, and utilized cross-attention
mechanisms for unidirectional fusion from linguistic to visual features. Following this
work, a multitude of transformer-based methods have emerged. SADLR [30] introduced
semantic-aware dynamic convolutions to enhance target pixel discrimination, while Ref-
SegFormer [12] incorporated target existence prediction, improving robustness against
missing target scenarios.

In the field of RRSIS, LGCE [1] utilized a language-guided cross-scale enhancement
module to improve segmentation performance for small and sparsely distributed targets.
Meanwhile, RMSIN [2] addressed scale variations and rotation challenges in remote sensing
images by incorporating multi-scale receptive fields at the encoding stage and employing
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multi-scale interaction and rotation convolutions at the decoding stage, effectively handling
complex remote sensing scenes.

All the above methods adopt a unidirectional fusion strategy, where linguistic features
guide the vision encoder to focus on text-related regions while suppressing irrelevant
areas, enabling deep text-driven guidance for image segmentation. However, as these
methods only consider unidirectional guidance, they may struggle to capture complex
interactions between textual descriptions and visual content. To address this limitation,
this paper introduces a bidirectional fusion strategy based on the transformer-based ar-
chitecture to establish mutual multimodal guidance, enabling the deep integration of
multimodal features.

2.2. Prompt Learning

Prompt learning [31] originated in natural language processing as a method that guides
pre-trained models to perform downstream tasks using input prompts. By introducing
a small amount of additional parameters, prompt learning enables pre-trained models
to adapt to new tasks efficiently. Compared to traditional fine-tuning, which modifies
the entire model for each specific task, prompt learning significantly reduces memory
requirements while mitigating the risk of poor adaptation or loss of generalization when
training data are limited.

The success of prompt learning in NLP has accelerated its adoption in computer
vision, particularly in multimodal learning [32-34]. To leverage CLIP’s strong zero-shot
learning capabilities for downstream tasks, CoOp [35] was the first to introduce prompt
learning in vision-language models. It incorporated learnable continuous prompts into text
descriptions, enabling the model to adaptively learn optimal prompt representations even in
few-shot scenarios. However, CoOp exhibited poor generalization to unseen categories. To
address this, CoCoOp [36] extended CoOp by integrating sample-specific context extracted
from images, allowing the model to dynamically adjust learnable prompts based on the
input, thereby improving generalization to novel categories. These studies primarily
focused on prompt learning within the text branch of multimodal models, where prompts
were embedded in the language modality. In contrast, VPT [37] explored the application of
prompt learning to vision models. Based on these advancements, MAPLe [38] introduced
multimodal prompts as a bridge to facilitate coordinated learning across modalities.

Inspired by these developments, this paper extends the concept of multimodal prompts
to RRSIS. We integrate multimodal prompts into independent vision and language models,
utilizing cross-modal prompt coupling to establish deep interactions between the two
modalities and enhance segmentation performance.

3. Methodology

In this section, we introduce MPBE, a visual-linguistic feature bidirectional fusion
architecture based on multimodal prompts. By integrating early fusion and late fusion
strategies, MPBF enables fine-grained alignment of multimodal features, thereby enhancing
the segmentation performance of RRSIS. Specifically, we first provide an overview of MPBE.
Then, we describe the structure of each component of MPBF in detail.

3.1. Model Overview

The overall architecture of MPBF is illustrated in Figure 1. MPBF consists of three main
components: a text encoder, an image encoder, and a scale-aware vision-language fine-
grained alignment decoder. In the encoding phase, MPBF enhances deep multimodal fusion
while maintaining a low parameter count by inserting learnable prompts into both linguistic
and visual features at each stage of feature encoding. This approach also introduces task-
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specific knowledge into the pre-trained text and image encoders. To facilitate cross-modal
collaboration, a prompt coupling function is employed to establish strongly constrained
mappings between the prompts of the two modalities, projecting linguistic and visual
features into a shared latent space. In the decoding phase, the multi-scale visual features
extracted by the image encoder are processed by an SR module, which enhances the multi-
scale representation and enriches the fine-grained scale details in the feature maps. The
refined image features are then iteratively aligned with linguistic features through a VLA
module, under the guidance of multimodal prompts. This process achieves fine-grained
multimodal fusion while maintaining semantic consistency across stages by leveraging
prior information in the multimodal prompts.
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Figure 1. An overview of multimodal prompt-guided bidirectional fusion (MPBF).

3.2. Multi-Stage Image and Text Encoder

Early fusion involves interaction between multimodal features at intermediate states
during the encoding phase. Therefore, both the image and text encoders should be divided
into multiple feature extraction stages. In this paper, we adopt a Swin transformer with four
feature extraction stages as the image encoder. For the input image I € R?*"W*C the Swin
transformer performs patch merging at the end of each stage to generate multi-scale feature
maps F{, (i =0,1,2,3). Learnable visual prompts are inserted at each stage before the visual
features are fed, which interact with visual features in the self-attention module to capture
rich contextual information in the image. A pre-trained BERT model is employed as the
text encoder, which contains 12 feature extraction layers. To align with the architecture of
the image encoder, we divide BERT into four stages with 3 layers per stage. Similar to the
image encoder, learnable text prompts are concatenated with the linguistic features before
each feature encoding stage.

3.3. Multimodal Prompt-Based Cross-Modal Collaborative Encoding

The fusion method of visual and language prompts is crucial in early fusion, as
incorporating information from other modalities in the encoding stage can guide the model
to focus on target information during feature learning. To enable mutual guidance between
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visual and linguistic features, existing research learns the correlations between these two
modalities through cross-attention and embeds relevant information into each modality’s
feature space, thereby facilitating cross-modal information exchange. However, cross-
attention typically relies on multiple linear layers to map features from different modalities
into shared subspaces suitable for attention computation. This not only introduces a
substantial number of additional parameters but also significantly increases computational
complexity, as attention must be computed across all image patches and word tokens
during the encoding stage.

To address this issue, we introduce the concept of prompt learning to achieve efficient
multimodal feature fusion, offering a novel and parameter-efficient paradigm for modality
alignment. Specifically, at each feature extraction stage, we insert a set of learnable Prompts
for both visual and linguistic features, denoted as P{/ € RN*C and Pi' e RN*C where
i=0,1,...,n, n represents the encoding stage index, N is the number of learnable prompts
(with N = 5 in this paper), and C} and Cf are the feature dimensions of the image encoder
and text encoder, respectively. Prompts at different stages are used to construct feature
representations at different levels, meaning that the prompts are not shared among stages.
However, within the same feature encoding stage, the prompts are shared across the
layers that compose that stage, thereby preserving the correlations among features at the
same level.

Multimodal prompt coupling: During the feature encoding process, Pi, and Pi serve
as intermediaries for cross-modal interactions. A prompt coupling function is used to
achieve collaborative learning of multimodal information, expressed as follows:

P, = Fi(Pl),i=0,1,...,n, )

where F denotes the prompt coupling function, which is implemented as a linear mapping
from P! to Pi, effectively embedding them into a shared latent subspace. This design im-
plies that P! and P}, are inherently linked and co-learned within a common space, ensuring
that the resulting cross-modal feature representations are mutually informative and jointly
serve both visual and linguistic modalities. This naturally enables multimodal prompts
to possess the capability for deep fusion of multimodal features without additional hand-
crafted designs. Thus, these prompts act as a natural bridge for cross-modal interaction.

During training, the gradient update directions for P£ and P"} are highly correlated.
As a result, effective information extracted during the visual encoding process is back-
propagated through the coupling function to refine the language prompts, and vice versa.
This bidirectional gradient flow facilitates synchronized information acquisition and ex-
change between modalities. Therefore, the model forms a consistent joint distribution
representation of visual and language modalities at the encoding stage, precluding the
modality inconsistency often observed in independently learned representations.

It is important to emphasize that, despite the linear relationship established by the
coupling function, the visual and textual prompts are not equivalent. Under the supervi-
sion of the segmentation loss, the visual prompts not only encapsulate shared semantic
content but also encode purely visual semantics that are either absent from or insufficiently
described in the text descriptions.

In terms of parameter overhead, the additional parameters introduced by multimodal
prompts primarily originate from two components: the prompt vectors and the coupling
function. The parameter count of the prompt vectors scales linearly with the number of
prompts N:

Paramsprompts = N X Cf,i =0,1,...,n. 2)
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In this work, a linear projection is employed as the coupling function, whose parameter
count is determined by the input and output channel dimensions and can be computed
as follows:

Params oypling = Cl x Cl,i=0,1,...,n. (3)

Therefore, the total parameter increase introduced by multimodal prompts during the
early fusion stage is as follows:

Paramspp = Paramsprompts + Params coypling- 4)

By contrast, cross-attention introduces significantly more parameters, as separate linear
projections are required for the query, key, and value representations. These projections
lead to parameter growth that is quadratic with respect to the feature dimension (Cf and
C?). Consequently, compared to cross-attention-based modality alignment, the proposed
multimodal prompts offer a more parameter-efficient alternative. Moreover, the use of
a shared latent space imposes strong representational constraints, allowing the coupled
prompts to naturally achieve deep multimodal fusion.

3.4. Scale-Aware Vision—-Language Fine-Grained Alignment Decoder

The widely distributed multi-scale targets in remote sensing images pose a dual
challenge for RIS. On the one hand, such targets require models to learn diverse multi-scale
feature representations accurately. On the other hand, due to the significant differences
between modalities, the model needs to establish pixel-level semantic associations between
text descriptions and images. To further enhance the fine-grained cross-modal alignment of
multimodal features, we implement the late fusion of multimodal features in the decoder.
Similar to [20,39,40], the decoder is based on the basic structure of the decoder in [41,42].
As shown in Figure 1, the decoder takes multi-level visual features Fi, along with the
linguistic features F? and multimodal prompts P as inputs.

For visual features, we first select Fxl/ e RHixWixCp F‘z, e RH2xWexC gnd
F} € RH*WsxG for linear projection to unify the channel dimension to D. Then, the
features from these 3 scales are spatially flattened and concatenated to form a multi-scale
feature Fy g € RS*D where § = 21«3:1 H;W;,i = 1,2,3. To enhance the model’s ability to
learn the rich scale variations present in remote sensing images, Fyss is processed by an
SR module, which captures fine-grained scale representations, yielding fused multi-scale
feature representations Fyr. For linguistic features, we concatenate F; output by the text
encoder and P} output by the image encoder to obtain the expanded linguistic features Fgy .
Fpr and Frp, undergo fine-grained vision-language alignment through VLA. The aligned
visual features F}, are integrated with F{) to produce per-pixel embedded mask features
Fy. Concurrently, the aligned linguistic features are used to generate mask queries Q.
The final predicted segmentation mask is obtained by performing matrix multiplication
between Fj; and Q.

3.4.1. Scale Refinement

The multi-scale characteristics of targets are a key distinguishing factor between
remote sensing images and natural images. Due to the image acquisition altitude, objects in
remote sensing images span a wide range of scales, with each scale encompassing multiple
types of land cover and objects. To enhance the model’s ability to perceive and distinguish
multi-scale feature representations, we propose an SR module with a multiple receptive
field fusion (MRF) mechanism. This mechanism further enriches scale representations in
feature maps, enabling the model to better capture fine-grained scale variations in remote
sensing images, ultimately improving segmentation accuracy.
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The structure of SR is illustrated in Figure 2. First, a linear projection expands the
channel dimension of Fys to D’, thereby increasing the model’s representational capacity
and enabling each channel to discriminate features at a finer granularity. The features
are then decomposed according to the original concatenation ratios and reshaped along
the spatial dimensions to obtain three feature maps F‘l; € RHixWixD /,i =1,2,3. Here, F‘i/,
maintains the same spatial scale as F},, ensuring the hierarchical independence of multi-
scale features. Subsequently, each decomposed F‘i/, undergoes feature enhancement through
an MRF mechanism. Specifically, in MRE, F‘i// is further split along the channel dimension
into two parts, F{;l € RH>WixD'/2 gng F{;Z € RHWixD'/2 \which are processed separately
by depthwise convolutions (DWConv) with different kernel sizes. As shown in Figure 2,
we employ 3 x 3 DWConv for F{;l and 5 x 5 DWConv for F‘l;z, yielding feature maps E (/1
and E% that capture complementary contextual cues under distinct receptive fields. These
two maps are concatenated along the channel dimension to form E%;. Each E%; is flattened
in the spatial dimension and concatenated along the channel dimension. A linear projection
is adopted to restore the channel dimension to D. Finally, Fyr € RS*P is output, which
incorporates fine-grained multi-scale representations.

Multi Receptive Fields Fusio_r}
- N Eba

3X3
5X5 I /
yCTE
. E v
Eyy

FMS

Linear Projection
Linear Projection
y
N
L/

L J )

Figure 2. Scale refinement (SR) module.

3.4.2. Vision-Language Alignment

In the late fusion stage, to achieve fine-grained cross-modal alignment, the multi-scale
visual features Fyg output by the scale refinement module are aligned with linguistic
features Fp; € R(L+N)xD through the VLA module.

Text descriptions typically focus on image content directly related to the target object.
Consequently, the linguistic features F? € REX4L, extracted by the text encoder, primarily
contain semantic information closely associated with the target. However, other land cover
information in the image, besides the target, can also provide valuable context for target
identification, and such features are often not included in linguistic features. Therefore,
we concatenate multimodal prompts P, € RN*S, output by the image encoder, with
F} along the spatial dimension to obtain expanded linguistic features Fg;. The channel
dimension of F? and P} is unified to D by linear projection. Through this process, consistent
joint distribution representation of visual and language modalities at the encoding stage,
embedded in P}, is propagated to the late fusion stage. Additionally, it incorporates image
semantic information beyond textual descriptions into the linguistic features.

The alignment of visual and linguistic features in the VLA module directly impacts
the accuracy of mask prediction. As illustrated in Figure 3, to achieve fine-grained align-
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ment between Frj, and the rich scale representations in Fyr, we employ VLSI with a
sequential structure.

1,2,3
FLV

[ Split&Reshape ]

m
= QM—align
TF V-align
Vision-Language Sequential Interaction xm
Fur
o i
EL-align FV—align

—{  Add&Norm Add&Norm  Je—

L) L)
( Feed Forward Feed Forward |
I [ ————
—{ Add&Norm Add&Norm Jo—

J | |
)|
J |
Multi-scale
[ SelEtention ] [ Deformable Attentlon]
I N . at_kt_tv |
—{  Add&Norm | ([ Add&Norm  Je—
L) L)
[V—L Cross Attention] [L—V Cross Attention]
q k v q
a o T

i—1 U=l
FEL—align FV align FV—angn

Vision-Language Sequential Interaction
Figure 3. The structure of the vision-language alignment (VLA) module.

VLSI sequentially performs vision-to-language and language-to-vision embedding

processes. During the i-th iteration of the VLSI process, for the input F‘l/ ull ign and F}E Llﬂh o

the alignment process can be expressed as follows:

FEL-align = FFN(SA(CTOSSAttn(FIISLlalzgn’ F\l/ allzgn))) (5)
Fél—align = FFN(MSDA(CroSSAttTI(F‘I/ alllgn/ FEL—align)))' (6)

VLSI first embeds visual features into linguistic features. To associate linguistic features

with the multi-scale representations learned in the SR module, P;S Llal ign 18 initially aligned

with F{/ all ign through cross-attention, denoted as CrossAttn(-), from vision to language.

In this process, FéLluh on SETVes as the query (g), while F‘l, ulll on SETVes as the key (k) and
value (v) for embedding fine-grained visual features. The linguistic features, after being

further processed by self-attention and a feed forward neural network (FFN), denoted as

FFN( ) yleld EL-align* EL -align

pipeline. During this stage, language-to-vision cross-attention is applied between FE L-align

In the next step, F is fed into the visual feature processing

and F‘i/__all ign’ embedding fine-grained semantic relationships between the two modalities

into visual features. Specifically, F"/ all ign SETVes as g, while FE L-align S€TVeS as both k and
v. Since the previous operation has already performed an initial alignment between the
two modal features, this step further optimizes the alignment on this foundation. The
aligned visual features are then processed by multi-scale deformable attention (MSDA) [43],
denoted as MSDA(-). MSDA dynamically adjusts the attention sampling based on target
features at different scales, thereby establishing global dependencies across scales. Finally,

the refined features are processed by FFN, with the final output represented as F{',_ align”
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The VLA module consists of six VLSI processes, i.e., m = 6. The visual features output
by the final VLSI process are re-split and reshaped into three feature maps Fﬁ{fs in different
scales, which are finely aligned with the linguistic features.

3.4.3. Mask Generation

To generate a segmentation mask with accurate edges, the highest resolution features
F},, aligned by the VLA module, are combined with the F) output from the image encoder,
yielding mask features Fj; with per-pixel embeddings, which are used to generate the
segmentation mask. This process is formulated as follows:

Funt = upsample(Fly) + proj(Fy), (7)

where upsample(-) denotes bilinear interpolation, and proj(-) represents linear projection.
After linear projection, F{) retains the same channel dimensions as F}..

In the RRSIS task, the prediction of target masks is essentially a binary classifica-
tion of “foreground” and “background”. To predict target masks, the aligned linguistic

features F} are divided into two components: the foreground semantic features

EL—align
FL{lign € RL*P containing target information, and the background semantic features
F 51 ign € RN*P containing other object-related information. The first layer of FL{lign serves as

a classification ([CLS]) token, representing the overall information of the text description.
We select this layer as the foreground query Q{A € RP. Meanwhile, the background

query Q4, € R'P is obtained from the mean value of Py Finally, these two queries are

align®
concatenated to form the mask queries Qy; € R?*P. The segmentation mask M € RHXWx2
is obtained by performing matrix multiplication between Fj; and Q. In this process,
each channel of Fy represents a mask prediction for a specific object or part of the image.
Through matrix multiplication, Qy assigns category weights to each predicted mask, and

masks of the same category are merged, yielding the segmentation mask for the target.

4. Experiments and Results

The experiments in this section are divided into two parts: first, comparative exper-
iments and ablation studies based on public datasets; second, application experiments
using a self-annotated dataset. In the comparative experiments and ablation studies, we
conducted quantitative and qualitative analyses against several representative methods,
validating the superior performance of our proposed method. To further verify the contri-
bution of each module in the model, we performed detailed ablation studies, analyzing
the impact of each module on overall performance and confirming their necessity and
effectiveness within the model. In the application experiments, we focused on the practical
scenario of hazard detection along high-speed rail lines. We applied our proposed method
to a custom high-speed rail hazard multimodal segmentation (HSRMS) dataset, verifying
the effectiveness of our method in real-world applications.

4.1. Datasets
4.1.1. RRSIS-D Dataset

In the comparative experiments and ablation studies, we selected the publicly available
RRSIS-D dataset [2] for RRSIS as the experimental dataset. Figure 4 shows examples from
the RRSIS-D dataset. The text descriptions are below the images, with the red annotations
representing the target masks corresponding to the texts.



Remote Sens. 2025, 17, 1683

11 0f 26

A vehicle is on the right of The baseball field onthe The tennis court on the
the vehicle on the lower left lower right right

A small expressway toll ~ The green ground track The ship on the left
station field on the right

73

The ship is a little smaller ~ The vehicle is on the right ship in e Ilniddlev
than the ship on the top of the red vehicle

Figure 4. Samples of the RRSIS-D dataset.

The RRSIS-D dataset contains 17,402 text-image pairs, where each textual descrip-
tion corresponds to a single target within the image. The images are uniformly sized at
800 x 800 pixels, with ground sampling distances ranging from 0.5 m to 30 cm. There
are 20 distinct categories across all text descriptions. A notable characteristic of RRSIS-D
is the high proportion of small targets, with most objects occupying less than 0.1 of the
image area. However, the dataset also includes large-scale objects exceeding 400,000 pixels,
highlighting significant scale variations among the targets. As a result, the RRSIS-D dataset
presents two major challenges for RRSIS: (1) accurate segmentation of a large number of
small targets, which are often difficult to distinguish, and (2) handling significant scale
variations among objects. These characteristics make RRSIS-D particularly suitable for
evaluating the robustness and effectiveness of RRSIS methods.

4.1.2. HSRMS Dataset

In the application experiments, we utilized a custom HSRMS dataset focusing on two
typical hazards along high-speed rail lines: plastic greenhouses and color-coated steel sheet
(CCSS) roof buildings. The images in the dataset were collected by two satellites: GaoFen-2
and SuperView-1. The ground sampling distance for GaoFen-2 images was 1 m, while for
SuperView-1 satellite images, it was 0.5 m. The imagery covered a total area of 896 km?
along the main line of the Beijing—Zhangjiakou high-speed railway, encompassing a diverse
range of natural and man-made environments.

To preserve the authenticity of real-world remote sensing scenes, the dataset con-
struction process did not involve manual filtering or artificial target enhancement. Only
unlabeled samples were removed, ensuring that the data distribution closely reflects
the complexity and variability encountered in practical remote sensing tasks. The final
dataset contains 37,549 text-image pairs, with 18,646 pairs in the training set, 6166 pairs
in the validation set, and 12,737 pairs in the test set. The images are uniformly sized at
512 x 512 pixels.
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Each textual description typically consists of two key components: the type of hazard
and its spatial location within the image. The spatial location is annotated based on the
centroid of the connected region corresponding to the target. For images that contain
railways or roads, the descriptions often include the relative position of the hazard with
respect to the transportation infrastructure. The details of the dataset construction are
described in [44]. Table 1 presents the scale distribution of the targets in the dataset. As
shown in Table 1, the total area and standard deviation of CCSS roof buildings are both
larger than those of plastic greenhouses, suggesting that CCSS roof buildings exhibit greater
scale variation. This scale variability is one of the key factors affecting the accuracy of
intelligent hazard target extraction. Figure 5 shows examples from the HSRMS dataset for
hazards along high-speed rail lines.

Table 1. Hazard target statistics of the HSRMS dataset.

Satellite Model SuperView-1 GaoFen-2
Hazard Tvpe CCSS Roof Plastic CCSS Roof Plastic
yp Building Greenhouse Building Greenhouse
Hazard Number 25,711 7889 21,613 7257
Minimum Area (m?) 1.14 0.12 1.14 0.12
Maximum Area (m?) 29,692.80 10,920.70 29,692.80 3609.65
Total Area (m?) 9,781,844.09 3,786,570.52 8,176,613.10 3,121,702.59
Mean Area (m?) 380.45 479.98 378.32 430.16
Area Standard Deviation (m?) 932.36 448.29 994.83 241.81

The greenhouses seen The greenhouses situated
in the top of the image at the right-bottom part

The CCSS-roofbuildings The CCSS-roof buildings The CCSS-roof buildings
in the right of the image  positioned at the right- which are in the left half
center section

The CCSS-roof buildings The CCSS-roof building The CCSS-roof building
seen in the image seen in the bottomarea  situated at the top part

Figure 5. Samples of the high-speed rail hazard multimodal segmentation (HSRMS) dataset.

4.2. Comparison Algorithms

We selected three RIS methods, LAVT, RefSegFormer, and CrossVLT, along with an
RRSIS method RMSIN, for comparison. Among these methods, LAVT, RefSegFormer,
and RMSIN perform unidirectional fusion from language to vision during the encoding
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stage, while CrossVLT adopts a bidirectional fusion strategy between visual and linguistic
features, enabling deeper multimodal feature interaction. The quantitative and qualitative
results in the comparison experiments are evaluated on the test set and validation set of
the dataset.

4.3. Evaluation Metrics

For quantitative analysis, we selected the overall intersection over union (oloU), the
mean intersection over union (mloU), and Pre@X as evaluation metrics. oloU measures
the intersection over union (IoU) ratio between the predicted segmentation mask and the
ground truth by computing the total intersection area divided by the total union area across
all test samples. Both the intersection and union areas were accumulated over the entire
test (or validation) set. mlIoU is the mean IoU across all test samples, averaging the IoU
scores for each prediction. Pre@X represents the percentage of test samples, where the IoU
score exceeds a threshold X. In our experiments, X was set to {0.5,0.6,0.7,0.8,0.9}.

4.4. Experimental Settings

In this study, the base version of the BERT model was employed as the text encoder,
initialized with pre-trained weights. BERT comprises 12 layers with a hidden dimension of
768 and a maximum text length set of 20. For the image encoder, the base version of the
Swin transformer was utilized, initialized with weights pre-trained on the ImageNet-22K
dataset. The model training process employed the AdamW optimizer with a weight decay
value of 0.01. The initial learning rate was set to 0.00005, and it was adjusted using the poly
learning rate schedule during training. The learning rate was updated according to the
following formula:

(®)

power
Ir = base_lr % <1 — epoch >

num_epoch

where [r denotes the updated learning rate, base_Ir is the initial learning rate, and epoch and
num_epoch represent the current epoch and total number of epochs, respectively. power
controls the decay rate of the learning rate, set to 0.9 in this study. MPBF was trained
using cross-entropy loss as the loss function. All experiments were conducted on a single
NVIDIA RTX 3090 GPU. The parameter settings for all comparison methods were kept
consistent with those reported in the original papers or official code repositories.

4.5. Comparative Experiments

The RRSIS-D dataset contains a variety of types and scales of remote sensing targets,
posing higher demands on both the fine-grained alignment capabilities and multi-scale
learning abilities of algorithms. Based on the RRSIS-D dataset, we conducted a quantitative
and qualitative analysis of the experimental results for all comparison methods, along with
an evaluation of their computational complexity.

4.5.1. Quantitative Comparison

The quantitative comparison results of all methods on the test and validation sets
are presented in Table 2. The proposed method achieves optimal performance across
all evaluation metrics. Specifically, on the test set, our method improves the oloU and
mloU scores by 0.42% and 0.67%, respectively, compared to the second-best RMSIN. On
the validation set, the improvements are 0.8% and 0.43%, respectively, demonstrating a
significant performance gain. In addition to the metrics used for overall evaluation, our
method also excels in the proportion of samples exceeding five IoU thresholds, indicating a
comprehensive improvement in segmentation accuracy across all samples. On the test set,
the proportion of high-accuracy samples with IoU > 0.9 (where the ideal value is 1) reaches
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26.57%, representing a 2.38% improvement over RMSIN. On the validation set, this metric
shows an improvement of 1.44% compared to the second-best CrossVLT.

Table 2. Quantitative comparison results on the RRSIS-D dataset (best values in bold; second-best
values underlined).

Method D]?;;iet Pzﬁ‘i‘;'S P ?%‘;6 Pifz(;j on@/(g.s Pr(f"jg‘g oloU (%) mloU (%)
LAVT Test 69.26 62.28 52.08 4033 23.64 76.04 60.58
Validation  70.06 62.59 52.36 42.30 24.89 76.68 61.40
CrossVLT Test 70.30 63.80 53.81 42.20 25.92 75.92 61.45
Validation ~ 70.11 63.05 53.51 42.93 25.63 77.44 61.89
RefSegFormer  Test 65.59 59.45 50.89 39.35 23.15 76.39 58.17
Validation  68.51 60.92 52.76 4218 25.40 76.50 59.11
RMSIN Test 75.44 68.31 56.33 43.03 24.19 77.78 64.65
Validation ~ 75.29 68.22 56.78 44.02 24.60 7757 65.25
MPBF Test 75.90 69.18 57.84 44.04 26.57 78.20 65.32
Validation ~ 75.63 69.08 58.79 46.55 27.07 78.37 65.68

4.5.2. Qualitative Comparison

To provide an intuitive analysis of the improvements achieved by the proposed
method in RRSIS, we conducted a qualitative comparison of MPBF and other methods
on the RRSIS-D dataset. Qualitative comparison results are illustrated in Figures 6 and 7,
which display representative samples selected from the test set.

As analyzed earlier, complex backgrounds and small-scale targets are key factors that
affect segmentation accuracy in RRSIS. In sample (a), the target train station is surrounded
by a dense cluster of buildings that share similar geometric features. Moreover, these
buildings are closely adjacent to the train station, making it challenging to accurately
distinguish the station from the surrounding structures.

As illustrated in Figure 6a, except for the method proposed in this paper, all other
methods incorrectly included the buildings adjacent to the train station in their predicted
masks. This confusion arose from the unclear semantic distinction between the two types
of objects, which ultimately led to a decrease in segmentation accuracy. In sample (b), the
text description contains both location information (“lower-right”) and target category
attributes (“vehicle”). However, since the vehicle in the lower-right corner of the image has
significantly fewer distinctive features compared to the surrounding buildings and trees,
RefSegFormer, CrossVLT, and RMSIN failed to accurately associate the textual semantics
with the target features, thus producing no segmentation results. While LAVT correctly
interpreted the positional information “lower-right”, it mistakenly identified a white object
above the house in the lower-right corner as the target vehicle. In contrast, the method pro-
posed in this study accurately extracted the target mask through fine-grained linguistic and
visual feature alignment, demonstrating superior multimodal segmentation performance.

In addition to common positional and categorical attributes, text descriptions often
contain a diverse range of complex high-level semantic features, requiring the model to
make a comprehensive analysis by integrating these semantic cues. For instance, the text
description in sample (c) not only specifies the target category (“ship”) but also describes
its color attributes (“red and black”). This requires the model to accurately interpret the
color description and align it with the corresponding visual features in the image. While
our method successfully produced accurate segmentation results, all other comparison
methods misidentified the target due to the similar colors of the two ships in the input
image. These methods partially segmented the left-side object. The superior performance of
the proposed method in this scenario highlights its robust capability in fine-grained feature
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matching and semantic understanding. This advantage becomes particularly evident in

situations where targets share similar visual characteristics.

Label LAVT CrossVLT

The slender train station

Description

(b)

The vehicle on the lower

right
Description ;"“ S
i
RefSegFormer

Image Label CrossVLT

A red and black ship

Description

RefSegFormer RMSIN MPBF

Figure 6. Qualitative comparisons on the samples (a—c) from the RRSIS-D dataset, which have concise

text descriptions. The red annotations representing the predicted masks, the same below.

Compared to the previous samples, samples (a) and (b) in Figure 7 present greater

challenges in semantic understanding, as their text descriptions mention multiple objects

(both the segmentation target and reference object) along with relative spatial relation-

ships between them. These samples require the model to have a stronger capability for

multimodal reasoning.
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Image

The basketball court is on the :
lower right of the tennis court
on the top H

Description

A bridge is similar in size to
the bridge on the upper left

Description

RefSegFormer RMSIN MPBF
Figure 7. Qualitative comparisons on the samples (a,b) from the RRSIS-D dataset, which have
complicated text descriptions.

For text descriptions involving multiple objects, the model should not only map
the object attributes from the text to visual features, but also accurately distinguish the
segmentation target from other mentioned objects. Furthermore, the relative spatial position
of objects varies depending on the subject being modified. Therefore, the target cannot be
directly located based on a single attribute in the description. Instead, a comprehensive
analysis of multiple attributes is required to generate an accurate prediction. For example,
in sample (a), both the target object and the reference object share the same category
attribute. The spatial position (upper-left) modifies the reference object, meaning that
the target’s position relative to the reference is in the lower-right. Additionally, the text
further constrains the target’s size, stating that it should be similar to the reference object.
Synthesizing these constraints, the bridge in the lower-right of the image satisfies both the
width and positional requirements specified in the text. However, LAVT, RefSegFormer,
and RMSIN misidentified the target, failing to accurately interpret the size relationships
between objects. CrossVLT assigned a higher weight to the spatial attribute, resulting in
the segmentation of both bridges to the lower-right of the reference object. In contrast, our
proposed method precisely localized the target object by effectively associating linguistic
features with visual features, demonstrating superior semantic comprehension.

Similarly, sample (b) contains two types of terrain features: a tennis court and a
basketball court, along with two spatial position descriptors: “lower-right” and “top”.
LAVT accurately interpreted the “lower-right” spatial descriptor but mistakenly identified
the green area in the lower-right as a basketball court. CrossVLT confused the target and
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reference object, incorrectly extracting the tennis court in the lower-right instead of the
basketball court. RefSegFormer misinterpreted the textual information as referring to a
non-existent object and, therefore, did not generate a segmentation mask.

The qualitative analysis results demonstrate that the proposed method, which employs
multimodal prompts to fuse visual and linguistic features in a shared latent space, achieves
superior cross-modal interaction compared to other methods. The model exhibits robust
performance in comprehending spatial semantics within remote sensing images, even
when dealing with complex text descriptions and significant background interference.
Furthermore, the late fusion strategy implemented during the decoding phase establishes
pixel-level semantic associations between linguistic and visual features, enhancing the
extraction of fine-grained details and improving segmentation accuracy.

5. Discussion
5.1. Failure Case Analysis

Through an in-depth analysis of the prediction results, we also identified several typi-
cal failure cases. These are mainly reflected in inconsistent semantic granularity, difficulties
in spatial relationship parsing, and insufficient understanding of relative scale. As shown in
Figure 8, in sample (a), MPBF incorrectly segmented a large area corresponding to the entire
airport in response to the referring expression “airport”. The resulting mask extended
beyond the annotated ground truth, leading to a false positive. This issue can be attributed
to two main causes: first, the annotations for “airport” in the dataset are inconsistent across
samples, i.e., some samples annotate the entire airport area, while others only annotate
the runway (as in sample (a)), resulting in semantic mismatches between text and image
during both training and inference. Second, the runway and the surrounding ground in the
image have similar textures and low contrast, which results in insufficient discriminative
information for MPBF at the target boundaries. These observations suggest the need for
greater consistency in annotation granularity and the incorporation of feature enhancement
strategies to improve the model’s ability to recognize detailed structures.

(2)

A small airport

Description
A tennis court is on the
(b) left of the tennis court
on the right
Description Ground Truth MPBF
A tennis court is much
(c) smaller than the tennis
court on the upper right
Image Description Ground Truth MPBF

Figure 8. Failure case visualization. (a—c) are three typical failure samples.
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Samples (b) and (c) reveal the model’s deficiencies in handling relationships among
multiple similar objects. In sample (b), MPBF failed to correctly interpret spatial relational
expressions such as “left of” and “on the right”, resulting in ambiguity in relative posi-
tioning. To address this, we can consider introducing graph-based modeling to explicitly
encode spatial relationships and support relational reasoning. In sample (c), the textual
description involves a compound reference that includes both relative size (“much smaller”)
and spatial orientation (“upper-right”). While MPBF demonstrates a reasonable under-
standing of directional cues, it struggles to interpret comparative relationships related to
scale. Therefore, it is advisable to incorporate auxiliary modules or tasks into the language
processing pipeline that explicitly handle size comparisons, thereby enhancing the model’s
ability to resolve relational semantics involving relative size.

5.2. Complexity Analysis

To evaluate the complexity of MPBF, we analyzed the floating point operations
(FLOPs), total number of parameters (Params), and frames per second (FPS) across all
methods. The comparison results of model complexity, FPS, and the corresponding oloU
values on the test set of the RRSIS-D dataset are listed in Table 3, with their distribution
depicted in Figure 9, where the radius of the circle represents the FLOPs value. Although
MPBF performs multimodal feature interaction and fusion in both the encoder and decoder,
the number of additional parameters introduced by multimodal prompts is significantly
lower than that of cross-attention operations in CrossVLT. This allows MPBF to efficiently
achieve optimal performance while maintaining a low parameter count, demonstrating its
effectiveness in balancing accuracy and computational efficiency. While MPBF has a lower
FPS than other methods, this trade-off is justified by the superior accuracy in segmentation,
which is often the more critical metric in many applications, especially in remote sensing
image analysis tasks where precision is key.

Table 3. Comparison results of model complexity, FPS, and oloU.

Method Params(M) FLOPs(G) oloU(%) FPS(fps)
LAVT 203.70 193.97 76.04 14.10
CrossVLT 212.68 200.39 75.92 14.04
RefSegFormer 195.00 103.64 76.39 11.95
RMSIN 196.65 149.51 77.78 13.71
MPBF 159.12 146.94 78.20 11.82
79.00 1 MPBE
0loU:78.20%
78.50 - Param:159.12M RMSIN
FLOPs:146.94G 0loU:77.78%
78.00 - v Param:196.65M
RefSegFormer - FLOPs:149.51G
77.50 - 0loU:76.39%
Param:195.00M
2 i : CrossVLT
% 77.00 FLOPs:103.64G oloU+75.92%
Param:212.68M
76.50 :
LAVT </ FLOPs:200.39G
76.00 - 0loU:76.04% : Y
Param:203.70M .-
75.50 - FLOPs:193.97G 100 150 200 250
75.00 T T T T T T T ]
120.00 140.00 160.00 180.00 200.00 220.00 240.00 260.00 280.00
Parameters (M)

Figure 9. Comparison of model complexity and oloU values on the test set, where the radius of the
circle represents the FLOPs.
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5.3. Ablation Study

The ablation studies are conducted on the RRSIS-D dataset to validate the effectiveness
of the proposed module designs by comparing and analyzing the impact of each key module
in our method.

5.3.1. Ablation Evaluation of Early Fusion

In the early fusion stage, our method adopts a deep prompt setting, where multimodal
prompts are inserted at every stage of both the image encoder and text encoder to facilitate
deep multimodal feature fusion. To evaluate the effectiveness of the current multimodal
prompt setting, we compared two prompt insertion strategies: deep prompt and shallow
prompt. In the shallow prompt setting, multimodal prompts were inserted only at the first
stage of both the image encoder and text encoder, while all other configurations remained
the same as in the deep prompt. As shown in Table 4, the quantitative metrics on the
RRSIS-D test set decreased noticeably when using shallow prompts. Specifically, the mloU
value dropped by 1.55%, while the oloU value decreased by 0.83%. These results indicate
that deep prompts provide more flexibility for feature interaction at deeper layers, thereby
enhancing the collaborative learning of visual and linguistic features during the encoding
stage, which is also consistent with the findings reported in [37,38].

Table 4. Quantitative results of early fusion stage ablation studies.

Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 oloU mloU

Method Fusion Setting (%) (%) (%) (%) (%) (%) (%)
Prompt Insertion Position Shallow Prompting 7328 66.70 5645 43.00 2528 7737  63.77
Independent Vision-Language Prompts 7550  68.54 57.60 4401 2583 78.09 65.01
Prompt Interaction Mode Prompt-RIS-Style Interaction 7423 6762 5694 4410 2672 77.63  64.53
Nonlinear Coupling 75.06 68.60 5826 4415 26.80 7822  65.19
0 7478 6811 5728  44.07 2666 7728  64.53
3 7423  68.00 56.85 4415 2666 77.66 64.73
Number of Prompts 4 75.09 6877 5849 4487 2634 7785 65.29
6 7575 6880 57.68 4484 2677 7814 65.33
10 7584 6929 5880 4479 27.09 7819  65.30

MPBF

Deep Prompting/Linear Coupling/5 7590 69.18 5780 44.04 2657 7820 6532

Then, concerning the interaction modes of prompts in different modalities, we com-
pared the following four approaches: (a) independent vision-language prompts: no inter-
action between prompts in the image encoder and text encoder. (b) Prompt-RIS-style [45]
interaction: in the image encoder, cross-attentions were used to embed visual context into
randomly generated visual prompts, which were then inserted into the text encoder and
fused with linguistic features, and vice versa. (c) Linear coupling: the linear projection-
based prompt coupling adopted in our method. (d) Nonlinear coupling: this is an extension
of the above approach, adding ReLU activation after linear projection. A simplified illustra-
tion of these four approaches is provided in Figure 10.

The experimental results in Table 4 show that compared to independent prompts
without interaction, linear coupling increased the oloU value and the mloU value by
0.11% and 0.31%, respectively. Indicating that linear coupling of multimodal prompts
effectively reduces the modality gap between heterogeneous features. The introduction of
Prompt-RIS-style interaction led to the degradation of model performance. This may be
because for the encoder in our architecture, directly embedding visual (or linguistic) modal
features into prompts and then combining them with linguistic (or visual) features still
leaves a significant modal disparity between the prompts and the features, which ultimately
interferes with the feature learning process rather than facilitating better multimodal fusion.
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Nonlinear coupling and linear coupling exhibit similar performance, but compared with
nonlinear coupling, linear coupling achieved a 0.13% increase in mloU.

-
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(a) Independent Vision-Language Prompts (b)Prompt-RIS-Style Interaction (c) Linear Coupling (d) Nonlinear Coupling

Figure 10. Schematics of the different ways multimodal prompts interact.

Finally, to analyze the impact of the number of prompts, we compared the model’s
performance under different prompt quantity settings. When N = 0, the model only
applied late fusion, meaning that no prompts were inserted during the encoding stage. In
this case, the prompts fed into the VLA module were randomly generated. It should be
noted that since the multimodal prompts input to the VLA module are extracted from the
last-stage output of the image encoder, the number of multimodal prompts in VLA remains
consistent with the prompts used in the early fusion stage, and both change synchronously.

As shown in Table 4, reducing the number of prompts limited the flexibility of deep
feature learning, leading to a decrease in segmentation accuracy. However, increasing the
number of prompts did not yield significant performance improvements, while the addi-
tional prompts introduced higher parameter complexity. Therefore, to balance model per-
formance and computational complexity, we set the number of prompts to 5 in our method.

5.3.2. Ablation Evaluation of Late Fusion

In the late fusion stage, our method first employs the SR module to extract diverse scale
representations from image features. Then, in the VLA module, fine-grained alignment
between linguistic and visual features is iteratively achieved through VLSI processes. The
multimodal prompts generated in the early fusion stage serve as prior information, which
is concatenated with linguistic features and jointly input into the VLA module, ensuring
semantic consistency across fusion stages.

To verify the effectiveness of the SR module in the late fusion stage, we conducted an
ablation study by evaluating the model’s performance after removing the SR module. As
shown in Table 5, removing the SR module resulted in a 0.82% drop in mloU and a 0.41%
decrease in oloU, indicating that integrating fine-grained scale representations significantly
enhances the model’s ability to detect multi-scale targets in remote sensing images.

Next, we analyzed the impact of three different prompt settings in the VLA module:
randomly generated prompts, multimodal prompts derived from the text encoder output
(P?), and multimodal prompts derived from the image encoder output (PJ), as proposed
in this study. The results in Table 5 show that multimodal prompts derived from the
encoding stage outperformed randomly generated prompts. These multimodal prompts
preserved the contextual dependencies of the modality interaction process, ensuring seman-
tic consistency between the encoding and decoding stages. Furthermore, P3, outperformed



Remote Sens. 2025,17,

1683

21 of 26

P? by incorporating additional image semantics beyond textual descriptions, making it
particularly valuable for fine-grained multimodal alignment in the late fusion stage.

Finally, regarding the design of the vision-language alignment process, we compared
the parallel structure proposed in MARIS [46] and the sequential structure adopted in this
paper. Experimental results indicate that, due to the inheritance between alignment steps,
the sequential structure achieved better visual-language alignment than the parallel one,
and established a more accurate mapping between text semantics and image content.

Table 5. Quantitative results of late fusion stage ablation studies.

Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 oloU mloU

Method Fusion Setting (%) (%) (%) (%) (%) (%) (%)
w /0 SR Module - 7400 6742 5636 4384 2666 7779 64.50
Prompt Source in VLA p} 7541 6846 5835 4430 2677 78.09 65.18
P Random Prompting 74.83 6820 57.02 4401 2594 77.69 64.86
Vision-Language Alignment Mode Parallel Mode 7527 6874 5754 4433 26,69 77.88 64.95
MPBF P} /Serial Mode 7590 69.18 57.80 44.04 2657 7820 65.32
5.4. Application Experiments
Considering that images in public datasets often present idealized conditions, which
typically contain relatively simple scenes, clean backgrounds, and highly salient targets,
these datasets may not fully reflect the challenges encountered in real-world applications.
We evaluated our method in a practical application scenario: hazard detection along high-
speed rails. Using satellite remote sensing images collected from different satellites with
varying ground sampling distances, we validated the robustness and applicability of our
approach in real-world conditions, demonstrating its ability to handle complex, noisy, and
diverse environments.
5.4.1. Quantitative Comparison
The quantitative comparison results of all methods on the HSRMS dataset are listed in
Table 6. Our proposed method achieves the best performance across all evaluation metrics.
Specifically, compared to the second-best RefSegFormer, our method improves oloU by
0.69% on the test set and 0.91% on the validation set. Similarly, the mloU increased by 0.95%
and 1.72%, respectively. Regarding high-accuracy samples, in the test set, the proportion
of samples with IoU > 0.9 reaches 46.25%, representing a 0.54% improvement over RefSeg-
Former. In the validation set, this metric improves by 1.3% compared to RefSegFormer.
Table 6. Quantitative comparison results on the HSRMS dataset (best values in bold; second-best
values underlined).
Method Dataset Type Pr@0.5 (%) Pr@0.6 (%) Pr@0.7 (%) Pr@0.8 (%) Pr@0.9 (%) oloU (%) mloU (%)
LAVT Test 89.69 84.87 78.88 67.37 38.74 80.21 79.05
Validation 88.05 82.81 75.51 63.43 35.58 78.99 77.16
CrossVLT Test 90.15 85.95 79.78 69.88 43.79 82.30 80.29
Validation 88.94 84.28 78.77 67.60 41.44 80.42 79.33
RefSegFormer Test 90.22 86.54 80.36 70.33 45.71 82.34 80.48
Validation 89.39 84.98 79.14 68.86 42.78 81.27 79.39
RMSIN Test 90.61 86.49 79.78 68.17 40.57 81.58 80.14
Validation 89.85 85.14 78.45 67.11 39.65 80.32 79.35
MPBF Test 90.83 86.79 80.87 70.80 46.25 83.03 81.43
Validation 91.00 87.01 80.10 69.98 44.08 82.18 81.11
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5.4.2. Qualitative Comparison

Figure 11 visualizes the segmentation results of all methods for hazards along high-
speed rails. These examples are selected from the test set of the HSRMS dataset.

(2)

Image

The CCSS-roof buildings
located on the left side of
the road

Description

(b)

CrossVLT

The greenhouses in the
right half of the picture

Description

Image . Label

The CCSS-roof buildings
below the greenhouses
Description
RefSegFormer RMSIN MPBF

Figure 11. Qualitative comparisons on the HSRMS dataset, (a—c) are the samples.

As shown in Figure 11, significant scale variation is a typical characteristic of CCSS
roof buildings along high-speed rail lines. In sample (a), both large-scale and small-scale
CCSS roof buildings appear on the left side of the road. RMSIN completely failed to detect
the small-scale CCSS roof buildings, while LAVT, CrossVLT, and RefSegFormer missed
some of them. In contrast, our proposed method correctly located all CCSS roof buildings,
demonstrating its robust segmentation performance across varying scales.
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In remote sensing images, plastic greenhouses typically appear as densely arranged
rectangular structures. Due to the different types of covering materials used, plastic green-
houses within the same area may exhibit different geometric and spectral characteristics.
In sample (b), for the plastic greenhouses located on the right side, LAVT, CrossVLT, and
RMSIN failed to detect some of the plastic greenhouses with different spectral character-
istics. In contrast, RefSegFormer and our method achieved higher accuracy, successfully
extracting all plastic greenhouses.

The text description in sample (c) includes two types of hazard targets: plastic green-
houses and CCSS roof buildings. As shown in Figure 11c, plastic greenhouses occupy a
much larger proportion of the image compared to CCSS roof buildings, creating a signifi-
cant imbalance in the features of the two types of targets. RMSIN correctly detected the
CCSS roof building, but due to interference from other category words and location cues in
the text, it mistakenly classified the large plastic greenhouses above as CCSS roof buildings.
Moreover, similar spatial characteristics also led to confusion between the red CCSS roof
building and the plastic greenhouses above it in terms of texture and geometric structure.
LAVT and CrossVLT misclassified the plastic greenhouses above as CCSS roof buildings.
RefSegFormer failed to recognize the target at the bottom, returning no valid prediction.

Experimental results in practical application scenarios demonstrate that our proposed
method maintains high segmentation accuracy even in remote sensing images of complex
scenes. Benefiting from the deep fusion of visual and linguistic features, our method enables
accurate comprehension of image and text semantics, establishing a precise mapping
between the two modalities. This enables the accurate extraction of fine-grained features.
Furthermore, by fully exploiting diverse scale representations in remote sensing images, our
method significantly improves its ability to extract multi-scale targets, effectively mitigating
the issue of small-scale object omission.

6. Conclusions

In this study, we proposed MPBF for RRSIS. MPBF combines early fusion and late
fusion strategies. In the early fusion stage, the model achieves deep multimodal feature
fusion with a low parameter overhead using multimodal prompts. In the late fusion stage,
MPBF employs an SR module to learn multi-scale feature representations and establishes
pixel-level associations between visual and linguistic features through the VLSI processes.
Comparative and ablation studies on public datasets demonstrate that our method accu-
rately interprets complex textual descriptions and establishes fine-grained associations
between text semantics and image content, achieving SOTA results. Application experi-
ments on the custom-built HSRMS dataset further validate the effectiveness of this method
in practical scenarios. When integrated with appropriate hardware platforms, the research
findings in this paper will significantly enhance the intelligence and user-friendliness of
remote sensing image analysis systems.
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