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Abstract—Cross-modal artificial intelligence, represented by visual language models, has achieved significant success in general image under-
standing. However, a fundamental cognitive inconsistency exists between general visual representation and remote sensing image interpretation:
remote sensing images couple topography, terrain, and spatial structure, thereby inherently requiring models to possess deep geoscientific
understanding. This cognitive difference is further amplified in synthetic aperture radar (SAR) imagery: while SAR possesses irreplaceable
all-weather, all-day observation capabilities, it is constrained by coherent imaging mechanisms, exhibiting significant modal heterogeneity with
general images. To address this inconsistency, we propose FUSAR-KLIP, the first knowledge-guided general multimodal foundational model for
SAR, along with reusable data and evaluation baselines. Specifically: (1) FUSAR-GEOVL-1M (the first large-scale SAR dataset with complete
geographic projection attributes) was constructed, covering multiple satellite platforms, 120,000 images, and 135 cities; (2) Aligned structured text
was generated through hierarchical cognitive thought chains, accurately encoding more than 1 million multidimensional semantic information from
geomorphological environment and regional attributes to spatial relationships; (3) A self-consistent iterative optimization mechanism was designed
to guide cross-modal learning with this knowledge information consistent with human cognition and physical laws in a self-supervised closed loop
consisting of contrast, matching, and reconstruction; (4) A unified evaluation benchmark was established in 11 typical downstream tasks in the
two major categories of vision and language, and compared with 15 mainstream foundation models. Experiments show that FUSAR-KLIP exhibits
optimal performance, paving a new path for building remote sensing intelligent systems that are more in line with human cognitive logic. The
dataset and model are publicly available at: https://github.com/yangyifremad/FUSAR-KLIP.

Index Terms—Remote sensing, foundation model, vision-language model, self-supervised multimodal learning, datasets and benchmarks,
synthetic aperture radar, cognitive chain-of-thought, transformer.
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INTRODUCTION

N recent years, foundational models built around the Trans-
former have established a dominant position in the field of
mputer vision, demonstrating outstanding general represen-
ion capabilities through self-supervised paradigms such as

asked image modeling or contrastive learning [1], [2]. Inspired
this, a number of foundational models targeting the charac-

istics of Earth observation have rapidly emerged in the field of
mote sensing. To address the need for high-precision sensing,
ngMo [3] and SpectralGPT [2] have achieved deep adaptation
small targets and multispectral features through customized

asked modeling and 3D spectral reconstruction. To address the
allenges of wide-area generation and data sparsity, MetaEarth

and AlphaEarth [5] have introduced generative diffusion
d spatiotemporal embedding field techniques, successfully
tending the model’s capabilities from passive interpretation
active simulation and multi-source assimilation, forming a

diversified development pattern centered around the core needs
of Earth observation [6], [7], [8], [9], [10].

While the aforementioned work has achieved record-
breaking performance metrics on specific tasks, its theoretical
foundation still faces significant challenges. As Muttenthaler
et al. pointed out, a fundamental misalignment exists between
intelligent model representations and human cognition: exist-
ing deep neural networks, although excelling in local feature
matching, often fail to capture hierarchical knowledge structures
like humans [11]. This means that current models lack the deep
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Fig. 1: Performance of the foundation models on SAR inter-
pretation tasks after fine-tuning. Previous SOTA represents the
performance of the best model among the compared methods
for this task.

cognitive abilities that align with human logic, resulting in
significantly limited robustness and generalization when faced
with out-of-distribution data.

This cognitive misalignment is particularly acute in the field
of Earth observation. Because it hasn’t fundamentally broken
free from the established framework of ”general vision,” existing
remote sensing models tend to treat images as high-resolution
natural pictures for visual understanding, neglecting the unique
characteristics of remote sensing interpretation logic: remote
sensing images are not merely collections of pixels, but deeply
coupled entities of geomorphic features, regional attributes, and
spatial structures. Lacking the ability to model hierarchical geo-
graphic information, these models often remain at a superficial
level of visual perception, failing to possess deep geoscientific
cognitive capabilities.

https://github.com/yangyifremad/FUSAR-KLIP
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This cognitive disparity has further evolved into a dual bar-
rier of modal heterogeneity and mechanism intricacy in the field
of synthetic aperture radar (SAR) [12]. Although SAR possesses
irreplaceable all-weather strategic value, its imaging, based on
microwave coherent mechanisms, is heavily affected by speckle
noise and geometric distortion [13]. When existing foundation
models are migrated to the SAR domain, they struggle to under-
stand the geometric structure and physical properties of ground
objects through non-intuitive scattering phenomena, leading to
a sharp decline in generalization performance [14]. Therefore,
constructing a multimodal foundation model that adapts to
SAR imaging characteristics and possesses geographic cognitive
capabilities has become a critical scientific imperative in the
current field of remote sensing intelligence.

Realizing this vision is no easy task. Due to limitations in
data privacy, domain specialization, and feature complexity, this
research direction still faces many challenges, specifically:

1) Geospatial Priors Remain Underutilized: Geographic in-
formation, a core element in Earth sciences, is crucial for remote
sensing. However, most current SAR interpretation studies re-
main at the visual level, neglecting geographic attributes. This
stems from the extension of natural image paradigms—focused
mainly on texture and structure [15]—as well as the closed
nature of SAR data sources, with many studies still relying on
outdated datasets like MSTAR from the 1990s [16]. As shown
in Table 1, our review of 16 mainstream SAR datasets across
tasks such as detection, segmentation, and recognition reveals
a widespread omission of geographic metadata. This absence
hinders regional analysis, terrain understanding, and spatial
reasoning, ultimately limiting progress toward cognitive-level
SAR interpretation.

2) Knowledge Bottleneck: Existing remote sensing VLM stud-
ies face a significant knowledge bottleneck in text construction.
On the one hand, approaches that convert detection, recognition,
or segmentation annotations into templated text [17], [18] gen-
erate descriptions that are semantically sparse and structurally
repetitive, covering only shallow attributes (e.g., category and
location) while neglecting complex elements such as landform,
regional function, or spatial structure. This low-information text
causes different images to collapse into similar semantic spaces,
weakening alignment quality and fine-grained discrimination, as
shown in Fig. 2(a). On the other hand, automatic text acquisition
strategies, which are effective in natural image or optical remote
sensing domains (e.g., web crawling, video subtitles, or AI-
generated captions), fail in the SAR domain due to speckle noise
and the need for expert knowledge. The resulting AI-generated
text is often semantically vague or distorted Fig. 2(b). Together,
these issues highlight that SAR multimodal foundational model
suffers from a dual bottleneck: text derived from manual anno-
tations lacks semantic depth, and reliable large-scale automatic
acquisition remains infeasible, severely restricting scalability in
open-world applications.

3) Inadequate cross-modal alignment and optimization: Cur-
rent multimodal methods largely depend on direct image–text
alignment, without deep feature fusion or closed-loop optimiza-
tion, which constrains adequacy and robustness. Their perfor-
mance is also susceptible to text quality—an acute issue in
remote sensing, where image descriptions often contain bias and
automatically generated text is prone to semantic inaccuracies.
As a result, existing approaches remain limited in achieving
reliable semantic completion and fine-grained understanding.

To address these challenges, we present FUSAR-GEOVL-1M,
the first large-scale SAR image-text dataset enriched with open

TABLE 1: Current Status of SAR Public Datasets: Lack of Ge-
ographic Information. Pol: Polarization. Res: Resolution. Geo:
Geographic Information. Cls: Classification. Det: Detection. Seg:
Segmentation. Cap: Caption. VQA: Visual question answering.
Ret: Retrieval

Dataset Year Cite Band Pol Res Size Quantity Format Task Text Geo

MSTAR [16] 1995 1155 X Single 0.3 128∼193 14,577 JPG Classification ✗ ✗

OpenSARShip [19] 2018 299 C Multi 10 30∼120 11,346 TIF Classification ✗ ✗

FUSAR-MAP [20] 2021 45 C Single 1 1,024 610 TIF Segmentation ✗ ✗

SSDD [21] 2021 633 C,X Multi 1∼15 500 1,160 JPG Detection ✗ ✗

MSAR [22] 2022 23 X Single 1 256∼2,048 8,449 JPG Detection ✗ ✗

SADD [23] 2022 75 X Single 0.5∼3 224 2,966 BMP Detection ✗ ✗

SAR-Ship [24] 2019 464 C Multi 3∼22 256 43,819 TIFF Detection ✗ ✗

SAR-ACD [25] 2022 55 C Single 1 32∼200 3,032 JPG Detection ✗ ✗

FUSAR-SHIP [26] 2022 271 C Single 1 512 16,144 TIFF Detection ✗ ✗

SARDet-100k* [27] 2024 48 Mix Multi 0.1∼1.5 512 116,598 PNG Detection ✗ ✗

SAMPLE [28] 2019 14 X Single 0.3 128 2,732 PNG Classification ✗ ✗

AIR-SARShip [29] 2019 248 C Single 1∼3 1,000 300 TIFF Detection ✗ ✗

SAR-AIRcraft [30] 2023 101 C Single 1 800∼1,500 4,368 JPG Detection ✗ ✗

PolarSAR-Seg [31] 2022 36 C Multi 8 512 500 TIFF Segmentation ✗ ✗

SARATR-X* [32] 2025 10 Mix Multi 0.1∼1.5 mix 180,000 PNG Detection ✗ ✗

ATRNet-STAR [33] 2025 - X,Ku Multi 0.12∼0.15 128 194,324 TIF Classification ✗ ✗

FUSAR-GEOVL-1M 2025 - C,X,Ku Multi 0.5∼3 256∼5,120 120,000 TIFF
Cls,Det,Seg

VQA,Cap,Ret ✓ ✓

Note: Datasets marked with * are collected from multiple previously released datasets.

Fig. 2: The construction of text data for SAR images encounters
a knowledge bottleneck.

text description and geographic metadata, along with FUSAR-
KLIP, the first universal multimodal foundational model for SAR
images. FUSAR-KLIP is a Knowledge-guided Language-Image
Pre-training model that aims to move beyond the limitations
of single-modality visual perception, establishing a multimodal
SAR foundation model with cognitive reasoning, semantic rep-
resentation, and transferable capabilities.

In terms of image data construction, FUSAR-GEOVL-1M
contains 120,000 images from three SAR satellite platforms, span-
ning multiple resolutions, 135 cities, and five landform types. To



SUBMITTED TO PAMI 3

mitigate semantic inconsistency caused by cross-platform reso-
lution variation, we introduce a Spatial Resolution Consistency
(SRC) slicing strategy, which aligns semantic granularity at the
geographic level and ensures uniform cognitive scale for model
training.

In terms of text data acquisition, this paper introduces
a hierarchical cognitive chain-of-thought (HCoT) instruction
to simulate the human interpretation process of SAR im-
agery. HCoT guides GPT-4.1 [34] to progressively incorporate
multi-dimensional knowledge—such as geographic context, re-
gional priors, SAR imaging principles, and target scale percep-
tion—enabling semantic reasoning from global to local, and from
general to domain-specific knowledge. Furthermore, the con-
structed multi-scale image semantics driving mechanism guides
the model to generate semantic expressions that connect the
upper and lower scales on large, medium, and small scale im-
ages, and establish cognitive coherence. Under HCoT guidance,
the language model significantly enhances its SAR interpreta-
tion ability, generating more informative and coherent textual
descriptions to support multimodal representation learning.

In terms of multimodal alignment modeling, this paper
proposes FUSAR-KLIP, a dual-tower multimodal framework
employing Vision Transformer (ViT) [35] and BERT [36] as visual
and language encoders. The model jointly optimizes image-
text contrastive loss (ITC), image-text matching loss (ITM), and
masked language modeling loss (MLM) to construct a unified
cross-modal embedding space bridging low-level perception and
high-level semantics. To mitigate semantic deviations in HCoT-
guided generated text, we introduce a self-consistent iterative
optimization (SCIO) module that enhances alignment accuracy
and stability through a closed-loop self-supervised strategy of
screening, filtering, and reconstruction.

The main contributions of this paper are summarized as
follows:
• FUSAR-GEOVL-1M Dataset: This dataset represents the first

large-scale SAR image and text dataset with complete geo-
graphic information. It encompasses data from three types
of SAR satellite platforms, 135 cities, and multi-scale typical
scenes, including over 120,000 images and more than one mil-
lion text descriptions. By addressing the absence of geographic
attributes in SAR image interpretation research, this dataset
fills a critical gap and provides a foundational data resource
for SAR multimodal modeling research.

• Text Generation Mechanism Guided by HCoT: The paper
designs the HCoT instruction system to simulate the hu-
man reasoning process, guiding the large language model to
integrate multi-dimensional knowledge and generate struc-
tured semantic information. This approach establishes a new
paradigm for SAR image text annotation that is independent
of manual intervention, explainable, and scalable.

• FUSAR-KLIP (Knowledge-guided Language-Image Pre-
training): The first knowledge-guided visual language foun-
dation model for SAR was constructed, combining contrast,
matching, and reconstruction multi-task learning to establish
a cross-modal representation space for vision-language col-
laboration. The SCIO optimization module is introduced to
dynamically enhance text accuracy and improve cross-modal
alignment quality through the ”screen–filter–reconstruct” self-
supervised closed-loop optimization mechanism.

• Leading Multi-Task Generalization Capability: In various
typical downstream tasks, such as target classification, de-
tection, land feature segmentation, image captioning, image-
text retrieval, and visual question answering, FUSAR-KLIP

demonstrates superior semantic understanding and cross-task
generalization performance compared to existing remote sens-
ing multimodal models.

The remainder of this paper is organized as follows: Section
2 introduces the research progress in related fields; Section 3 de-
tails the construction process of the FUSAR-GEOVL-1M dataset
and the design of the multimodal self-supervised model; Section
4 presents experimental verification and analysis across multiple
remote sensing downstream tasks; Section 5 provides a summary
of the paper and outlines potential future research directions.

2 RELATED WORKS

2.1 Paradigm Evolution of Remote Sensing Interpretation

As illustrated in Fig. 3, the research paradigm for intelligent re-
mote sensing interpretation has evolved from supervised learn-
ing to unimodal self-supervision and, more recently, to multi-
modal self-supervision.

In the supervised learning stage, large-scale manual annota-
tions enabled significant progress in recognition, detection, and
segmentation tasks, but the prohibitive cost and limited seman-
tic coverage of annotations severely constrained generalization
across diverse scenes [20].

Unimodal self-supervised learning (SSL) alleviated this
bottleneck by mining latent structures from unlabeled data,
producing robust representations with minimal fine-tuning and
laying the foundation for domain-specific models [37]. The
RingMo series pioneered the introduction of mask learning into
remote sensing, optimizing feature extraction of dense small
targets in remote sensing images through targeted masking
strategies [3]. RingMo-Aerial further introduced a frequency-
enhanced attention mechanism and affine transformation con-
trastive learning, solving the challenges of tilted viewpoints and
multi-scale occlusion in aerial remote sensing. Addressing the 3D
characteristics of multispectral data, SpectralGPT innovatively
employs 3D masking and multi-target reconstruction strategies,
overcoming the limitation of processing only RGB data and
achieving effective capture of spectral sequence information [2].
In the generative direction, MetaEarth, through a self-cascaded
framework and noise sampling strategy, achieved global-scale,
unbounded resolution remote sensing image generation, driv-
ing the leap from perception to simulation [4]. RS-vHeat takes
a different approach, using a heat conduction physics model
to simulate feature diffusion, significantly improving computa-
tional efficiency while maintaining the global receptive field [38].
Furthermore, AlphaEarth proposed the concept of Embedding
Fields, addressing the label sparsity problem by assimilating
multi-source spatiotemporal data [5]. Nevertheless, unimodal
SSL remains largely restricted to low-level perceptual cues such
as texture and geometry, offering limited capacity for higher-
order semantic reasoning [39], [40].

Multimodal SSL further introduces language to build cross-
modal embedding spaces through large-scale image–text align-
ment, enabling richer semantics and task generalization. This
paradigm has driven breakthroughs in natural imagery and
optical remote sensing. However, SAR has received little atten-
tion within this framework: most existing models rely on RGB-
based assumptions and fail to capture SAR’s unique imaging
mechanisms. As a result, researchers have only begun to explore
unimodal SSL in SAR as a transitional step toward multimodal
expansion.
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Fig. 3: The evolution of remote sensing interpretation re-
search: from unimodal supervised learning to multimodal self-
supervised learning.

2.2 Research on Unimodal Self-supervised Foundational
Models in SAR Images

In the field of SAR imagery, researchers have begun to incorpo-
rate the SSL paradigm into the modeling process to alleviate
the scarcity of labeled data and improve the performance of
downstream tasks. Existing work has explored the potential of
unimodal SSL from different perspectives.

SARATR-X uses a two-step SSL method with multi-scale
gradient features to establish a high-performance SAR image
target recognition foundational model [32]. Yang et al. proposed
the SARDet-CL, combining feature enhancement with a SSL
method constrained by imaging mechanisms, and achieved ad-
vanced performance in downstream detection tasks [41]. Li et al.
proposed SAR-JEPA, which constructed a self-supervised pre-
training foundational model for SAR target recognition tasks
from the perspective of overcoming speckle noise [42]. Ren et
al. introduced multi-image factor SSL to promote directional
feature learning and obtain generalized features, enhancing the
performance in terrain classification tasks [43]. Wang et al.
constructed a SAR multi-task foundation model based on cross-
domain continuous pre-training [44]. Pei et al. proposed a two-
stage SAR image pre-training method based on SSL to improve
the accuracy of target classification [45]. MSFA proposed a multi-
stage filter augmentation pre-training framework for large-scale
RGB and SAR data, which performed well when transferred to
detection tasks [27].

While these methods demonstrate the potential of SSL for
SAR representation, their effectiveness often relies on small-
to medium-sized, single-task datasets, and their generalization
across platforms, multi-polarization, and open scenarios has yet
to be fully validated. Furthermore, they primarily focus on low-
level semantic tasks such as classification and detection, mak-
ing them incapable of supporting complex scene parsing and
cross-regional understanding [46]. More importantly, the learned
representations remain limited to perceptual-level features such
as texture and geometry, lacking the modeling and integration
of linguistic semantics and geographic priors. Therefore, the
exploration of unimodal SSL in SAR remains preliminary and
needs to be expanded to multimodal modeling to achieve higher-
level semantic cognition and task generalization [17].

2.3 Research on Multimodal VLMs in Remote Sensing Field

Driven by cross-modal learning, the remote sensing field has
also begun exploring vision-language models, hoping to obtain
transferable high-level semantic representations through image-
text alignment.

Existing work primarily focuses on optical imagery. For in-
stance, RemoteCLIP is based on the CLIP framework by convert-
ing class labels in public remote sensing datasets into templated

text, establishing a foundational model that achieves leading per-
formance across many typical tasks [17]. SkyEyeGPT developed
a multimodal remote sensing command dataset and designed a
two-stage tuning strategy to enhance conversational capabilities
[47]. VHM generated the HqDC dataset based on the large
language model Gemini, easing the issue of model hallucination
[48]. SkyScript utilized structured geographic information from
OpenStreetMap to generate semantic text for optical images,
improving the quality of cross-modal alignment [49]. GeoChat
expanded existing remote sensing image-text pairs to build
a multi-round conversation dataset with command-following
capabilities [50]. BITA introduced a lightweight Fourier Trans-
former structure to enhance image-text interaction [51], while
BAN developed a foundational model for remote sensing change
detection tasks, leading to improved task performance [52].
Multimodal modeling for SAR images is still in its infancy.

In contrast, multimodal foundation model construction for
SAR is still in its infancy: early attempts such as SARLANG
[18] and SARCLIP [53], which generates text from detection
annotations, and SSL-LIP [54], which employs dual-stage self-
supervised training with limited labels, have demonstrated feasi-
bility but remain constrained by small-scale, template-based text
construction and sparse semantics. Therefore, there is an urgent
need to construct a multimodal foundation model adapted to the
imaging characteristics of SAR images.

3 METHOD

3.1 FUSAR-GEOVL-1M Image Data

Given that existing SAR datasets generally lack geospatial at-
tributes, making them difficult to support complex semantic
modeling and spatial reasoning, this study’s approach first ad-
dresses the data layer. Current mainstream datasets (as shown in
Table 1) often lack geographic metadata, resulting in a disconnect
between imagery and real-world spatial locations, limiting tasks
such as regional functional reasoning and multi-scale target anal-
ysis. To this end, we constructed FUSAR-GEOVL-1M, the first
large-scale SAR dataset to fully preserve geographic information.
Its core design principle is spatial scale consistency: it fuses SAR
imagery from multiple platforms and resolutions, and provides
each image with WGS84 projection coordinates, enabling precise
spatial positioning and adaptability to multimodal tasks.

The FUSAR-GEOVL-1M dataset is collected from three
SAR satellites with different resolutions, including Qilu-1 [55],
Gaofen-3 [56], and Hongtu-1 [57]. Qilu-1 has a resolution of
0.2 meters and operates in the Ku band, offering high-precision
urban modeling capabilities. Gaofen-3 has a resolution of 1 meter
and operates in the C band, which is suitable for regional target
and structure extraction. Hongtu-1 has a resolution of 3 meters
and operates in the X band, ideal for modeling urban area edges
and terrain structures.

The dataset covers 135 representative urban areas, as shown
in Fig. 5. The scene types include typical remote sensing semantic
categories such as airports, ports, urban areas, water bodies,
industrial parks, and road networks. The dataset construction
process consists of the following key steps:

1) Region Screening: High-semantic-density regions—such as
airports, ports, and urban built-up areas—are selected from full-
scene SAR imagery, while low-structure regions (e.g., grasslands,
water bodies) are excluded to ensure diversity and relevance.

2) SAR Image Preprocessing: Original 16/32-bit float SAR im-
ages undergo dynamic range compression and threshold quan-
tization following SARDet-CL [41], standardizing them to 8-bit
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Fig. 4: FUSAR-GEOVL-1M image data. FUSAR-SHIP: A ship detection dataset we released in 2020. FUSAR-MAP: A land feature
classification dataset we released in 2021. FUSAR-AIR: An aircraft detection dataset we released in 2024. FUSAR-GEOVL: A large-
scale SAR multimodal dataset proposed in this study.

Fig. 5: Cities covered by the FUSAR-GEOVL-1M dataset.

grayscale (uint8). This enhances feature clarity while reducing
storage and I/O overhead.

3) Spatial Scale Consistency Strategy (SRC): Due to resolu-
tion disparities across SAR satellite platforms, fixed-size crop-
ping may result in inconsistent ground coverage and semantic
ambiguity. To resolve this, we propose a SRC strategy that
adaptively adjusts the cropping window according to spatial
resolution, ensuring each slice represents a uniform geographic
area (e.g., 1m resolution images are cropped to 1024×1024 pixels,

and 0.2m resolution images are cropped to 5120×5120 pixels,
both covering 1 km²).

4) Coordinate Mapping: Geographic coordinates are recal-
culated using affine transformation and WGS84 projection, en-
abling accurate spatial referencing across scales and time, and
supporting spatiotemporal sequence tasks.

5) Quality Screening and Filtering: Post-processing employs
GLCM [58] and statistical features, with a KNN-based [59] filter
to remove low-information or structurally deficient samples,
improving dataset quality.

As shown in Fig. 4, the FUSAR-GEOVL-1M dataset presents
a clear distribution of data, sample proportions, and repre-
sentative examples. It is noteworthy that this dataset is built
upon several task-oriented SAR datasets previously proposed
by our team—namely, FUSAR-MAP [20], FUSAR-SHIP [26], and
FUSAR-AIR [60]—which have undergone large-scale expansion
and data restructuring. These enhancements have significantly
improved the dataset’s coverage, semantic density, and adapt-
ability to downstream tasks. The aforementioned datasets have
been downloaded over 6,000 times and are widely cited and
applied in the field of SAR interpretation. FUSAR-GEOVL-1M
represents the systematic accumulation of our team’s long-term
research in SAR image understanding and provides a strong data
foundation for multimodal modeling in the SAR domain.

3.2 Text Generation Guided by Hierarchical Cognitive
Chain-of-Thought (HCoT)
After constructing a SAR image dataset with spatial semantic
consistency and multi-scale feature expression capabilities, a
more core challenge arises: how to generate interpretable and
structured language descriptions for each image to support
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Fig. 6: (a) A knowledge-driven thinking chain prompt word system is established to achieve the automatic and effective acquisition
of SAR image text information. (b) Multi-scale image semantics-driven thinking chain prompt. The thought chain prompt based
on multi-scale image semantics enables the interpretation of remote sensing images to consider global and local complementary
information.

cross-modal training. Although modern LLMs possess extensive
general and domain knowledge and perform well on optical
imagery tasks, they often fail to semantically interpret SAR
content due to the unique electromagnetic imaging mechanisms
and abstract visual patterns, leading to cognitive dissonance.

To mitigate this, we propose a knowledge mining approach
guided by HCoT, which emulates the expert reasoning pro-
cess in SAR interpretation. By progressively integrating multi-
source background knowledge and priors, HCoT constructs a
structured and controllable cognitive chain, embedded into LLM
prompts to enhance text generation quality. The method consists
of two key components:

1) HCoT - Knowledge Driven Thinking Chain: When inter-
preting SAR images, human experts typically follow a cognitive
path that moves from macro to micro, and from background
knowledge to specific goals. Inspired by this process, this study
proposes a five-level hierarchical knowledge thinking chain, as
shown in Fig. 6(a), to guide the step-by-step reasoning of the
large model:

• Earth Cognition Layer: Guided by the geographic informa-
tion, we prompt the LLM to activate macro-level understand-

ing of the target region based on its world knowledge. For
example, when the area corresponds to Beijing Daxing Airport,
the model can infer its role as an international hub, associating
it with multi-runway layouts, common aircraft types, and
terminal structures. Likewise, industrial zones suggest facto-
ries and warehouses, while residential areas imply apartment
complexes and supporting infrastructure.

• Social Prior Information: Building on geographic context, this
layer guides the LLM to integrate economic structure, archi-
tectural forms, and transport patterns for functional inference.
For example, flight data and urban planning aid in inferring
typical aircraft and infrastructure at airports; manufacturing
zones imply large factories, while tech parks suggest high-
rise offices. Tailored prompts enhance the LLM’s scene-specific
cognition across airports, ports, cities, and agricultural regions.

• SAR Theoretical Knowledge Layer: This layer guides the
LLM to incorporate SAR imaging principles—such as scatter-
ing behavior, speckle noise, and top-down inversion—for in-
terpreting unique visual patterns. It provides domain-specific
priors like “runways appear as dark strips,” “grasslands
exhibit uniform textures,” and “metal objects yield strong
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scattering,” enabling the LLM to distinguish prominent tar-
gets from background clutter. Such physical constraints help
associate patterns (e.g., rectangular outlines with buildings, Y-
shaped structures with aircraft), thereby grounding semantic
understanding in SAR-specific physics.

• Instance-Level Discrimination Layer: Based on macroscopic
context, this layer directs the LLM to perform fine-grained
recognition of specific targets (e.g., aircraft, buildings, roads).
As visual cues alone are often insufficient, SAR spatial reso-
lution is leveraged to support scale-aware reasoning. For in-
stance, fuselage length and wingspan inferred from scattering
patterns and resolution can help distinguish a Boeing 737 from
an Airbus A350. Likewise, building height and area, estimated
via contour shape and shadow extent, assist in differentiating
civil from industrial structures. This approach improves the
model’s accuracy in target categorization.

• Knowledge Calibration and Decision-Making Layer: After
completing the first four stages of reasoning, the model has
acquired multi-dimensional knowledge. However, due to the
inherent complexity of SAR image interpretation, this infor-
mation requires further cross-validation and integration. The
prompt guides the model to calibrate its output based on high-
confidence cues—such as geographic context and social pri-
ors—ensuring that the generated text aligns with SAR imaging
principles while maintaining semantic validity, realism, and
logical coherence.
2) HCoT - Multi-scale Image Semantic (HCoT-MIS): In Sec-

tion 3.1, we introduce a spatial-resolution-based tiling strategy,
SRC, that unifies semantic granularity across data from diverse
SAR sensors. This organization enables complementary seman-
tics at multiple scales: large-scale images capture regional layout
and context, medium-scale images highlight target structures
and spatial distribution, while small-scale images reveal fine-
grained attributes and scattering characteristics.

Building on this, we propose a multi-scale semantic-driven
reasoning framework, HCoT-MIS, as illustrated in Fig. 6(b). Its
core idea is to construct a coherent cross-scale semantic progres-
sion to enable stepwise information flow and fusion, thereby al-
leviating the semantic fragmentation and logical inconsistencies
inherent in traditional single-scale analysis. HCoT-MIS operates
in three reasoning stages, hierarchically organized from large to
small spatial scales, and can be formally described as follows:

TL = fθ(SL), (1)

TM = fθ(SM , TL), (2)

TS = fθ(SS , TM ). (3)

Among them, SL, SM , and SS represent large-scale, medium-
scale, and small-scale SAR images, respectively, while TL, TM ,
and TS denote the text descriptions generated at the correspond-
ing scales. The function fθ represents the inference function
driven by the LLM.

In the first stage, the large-scale image is input into the LLM,
where the model’s inherent world knowledge is used to provide
a macroscopic understanding and description of the overall ge-
ographical background, regional functions, and environmental
context of the area covered by the image.

In the second stage, we incorporate the macroscopic back-
ground information generated from the large-scale image as
prior knowledge, inputting it alongside the medium-scale image
into the LLM. This combined information allows the model to
leverage existing global context to further refine and accurately
describe the structural layout and target distribution within the
region when generating the medium-scale image description.

In the third stage, the small-scale image refines the specific
attributes and details of the targets (such as type, structure, size,
etc.) based on the prior scales.

This mechanism simulates the human spatial cognitive pro-
cess, moving from global to local, enabling the model to focus on
local details when describing the targets, while ensuring consis-
tency and logical coherence with the overall context. Guided by
the HCoT reasoning mechanism, more than 1 million structured
texts were generated, forming the language modality data of
FUSAR-GEOVL-1M. A detailed statistical analysis and example
verification are provided in Section 4.1.

3.3 FUSAR-KLIP Overall Framework

After introducing geographic information and scale consistency
into images and constructing hierarchical cognitive semantics
into text, the key challenge is achieving effective alignment and
knowledge fusion of cross-modal representations at the model
level. To this end, we propose FUSAR-KLIP, a universal visual
language foundational model for SAR imagery. This framework,
based on the core principles of ”multimodal semantic modeling,
modality alignment, and self-supervised optimization,” aims
to eliminate reliance on manual annotation and achieve deep
semantic understanding of SAR imagery through cross-modal
collaborative learning.

Specifically, FUSAR-KLIP adopts a standardized dual-
encoder architecture to separately model visual and textual
representations. The visual encoder employs a vision trans-
former, where SAR images are divided into fixed-size patches
and processed through linear projection and positional encoding
before being passed to the Transformer. This yields a uniform
visual embedding vector: fv ∈ Rd. The text encoder is based on
BERT, which tokenizes and embeds the input text, producing a
corresponding embedding vector: ft ∈ Rd through a multi-layer
Transformer. These embeddings are aligned within a shared se-
mantic space. ViT and BERT, both Transformer-based, are widely
adopted in multimodal frameworks (e.g., BLIP, ALBEF, OFA [61],
[62]) due to their strong alignment capability, generalization,
and downstream task compatibility, making them well-suited as
foundational encoders for our model.

To achieve multimodal interaction and semantic alignment,
FUSAR-KLIP introduces three collaborative self-supervision
tasks to enhance cross-modal modeling capabilities from three
levels: modality alignment, semantic matching, and text genera-
tion.

• Image-Text Contrastive Loss (ITC): To establish alignment
in the global cross-modal embedding space, we employ the
symmetric infoNCE loss to maximize the cosine similarity of
matching image-text pairs while minimizing the similarity of
non-matching pairs. The specific calculation method is shown
in Equation 4, where s(·) represents cosine similarity, and τ is
the temperature coefficient.

LITC = − log
es(fv,ft)/τ∑
t′ e

s(fv,ft′ )/τ
. (4)

• Image-Text Matching Loss (ITM): This loss enhances the
model’s ability to understand fine-grained semantics of im-
ages and texts. The image-text features are fused through a
cross-attention module and input into a matching discriminant
head for binary classification. The loss is computed using
cross-entropy, as shown in Equation 5, where y represents the
matching label of the image-text pair. If the image-text pair is
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Fig. 7: The overall framework of FUSAR-KLIP. SAR images and texts from FUSAR-GEOVL-1M are encoded by ViT and BERT,
respectively, and optimized through the SCIO module. SCIO consists of three progressive stages: (1) cross-modal preliminary
representation learning, (2) information screening and proofreading, and (3) context-aware reconstruction—forming a closed-loop
“screen–filter–reconstruct” process that progressively enhances cross-modal alignment and semantic representation.

correctly matched, y=1 ; otherwise, y=0. p denotes the image-
text matching probability predicted by the model.

LITM = −y log(p)− (1− y) log(1− p). (5)

• Masked Language Modeling Loss (MLM): The MLM task
further promotes the ability of cross-modal conditional gener-
ative modeling, masks the key information tokens in the text,
and achieves semantic enhancement reconstruction through a
two-stage process. First, the visual-text is jointly encoded, with
the visual and text features fused through a cross-attention
layer. Then, a Transformer-based decoder is used to recon-
struct the masked token in an autoregressive manner. The
MLM loss function is defined as:

LMLM = −
∑

i∈masked

logP (wi|ŵi, fv), (6)

where i represents the index of all masked positions,wi rep-
resents the ground truth token at the i − th position, ŵi rep-
resents the visible context excluding position i, fv represents
the visual modality feature, and P (wi|ŵi, fv) represents the
probability of correctly predicting wi given the context ŵi and
the image feature fv

The three loss functions are aggregated into a unified multi-
task objective via weighted summation, encouraging the model
to establish cross-modal associations from visual features to
high-level semantics. The balancing coefficient λ is set to equal
weights by default.

Ltotal = λ1LITC + λ2LITM + λ3LMLM. (7)

3.4 Self-Consistent Iterative Optimization (SCIO)

However, the effectiveness of joint optimization still depends
heavily on the quality of the input text. Although the HCoT

prompt strategy significantly enhances the ability of large lan-
guage models to understand SAR images and generate usable
text, there are still inevitable factual biases. When used directly
for cross-modal pre-training, this can introduce noise interfer-
ence and diminish the effectiveness of feature alignment. To
address this, we propose a SCIO module, which establishes a
closed-loop ”screen–filter–reconstruct” mechanism within a fully
self-supervised framework, enabling progressive optimization of
language modalities.

As shown in Fig. 7, the SCIO module consists of three
progressive stages integrated into training. By emphasizing ITC,
ITM, and MLM at different stages, it enables joint optimization
that progressively improves text quality and cross-modal align-
ment. The mechanism is composed of three stages:

1) Cross-Modal Representation Learning: In the initial stage
of SCIO, we perform multimodal self-supervised pre-training for
each SAR image vi and its corresponding text description ti. The
aligned text ti for each image consists of 8 different sub-texts,
covering various information such as scene background, regional
function, terrain structure, target type, and layout relationships.
We use the visual encoder fv(·) and the text encoder ft(·) to
extract features from the image and text, respectively:

vi = fv(Imagei), (8)

ti = ft(Texti). (9)

In this stage, the model is jointly optimized based on Equa-
tion 7. However, since the generated text inevitably contains
noise, the training at this stage typically only captures limited
cross-modal associations. Noisy text not only interferes with the
learning quality of ITC and ITM but also reduces the language
modeling accuracy of MLM. To address this, in the subsequent
stage, we introduce a sample screening mechanism based on ITC
and ITM responses to eliminate low-confidence texts, improving
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the reliability of the input corpus and providing MLM with purer
and more reliable training data.

2) Text Screening and Proofreading: This stage introduces
a segment-level noise removal mechanism further to improve
the representation quality of the language modality. We perform
screening for each image’s 8 sub-text segments {p1,...,p8} based
on the ITC and ITM tasks.

For each candidate text segment pj , we construct a new
version of the text t(−j)

i by removing the segment, and calculate
the corresponding image-text ITC contrast loss difference:

∆L
(j)

ITC = LITC(vi, t
(−j)
i )− LITC(vi, ti). (10)

If ∆L
(j)
ITC < 0, the removal of the segment improves image-

text alignment, identifying it as potential noise. These candidate
noise segments are further evaluated by computing the change
in image-text matching scores via the ITM module:

∆L
(j)

ITM = s
(−j)
i − si, (11)

Where s
(−j)
i is the image-text matching score after removing the

fragment, and si is the score of the original text. If ∆L
(j)
ITM > 0,

the fragment is further confirmed as noise, added to the noise
pool, and excluded from the subsequent MLM training.

At this stage, ITC and ITM losses are still computed using
the complete original text to maintain stability and consistency
in the optimization objective. However, noisy segments are
excluded from the MLM prediction targets in the subsequent
stage, thereby reducing semantic interference and enhancing the
accuracy and robustness of language modeling.

Algorithm 1: Self-Consistent Iterative Optimization
Input: I : SAR image, T = {t1, t2, . . . , t8}: Text, θ: Model parameters
Output: Tfinal: Optimized textual description aligned with SAR

image
1 Initialize model parameters θ
2 for iteration = 1 to max iter do
3 Phase 1: Pretraining and Alignment

L = LITC + LITM + LMLM

4 Phase 2: Text Filtering and Refinement
5 for each sub-sentence ti ∈ T do
6

∆LITC(ti) = LITC(T − ti, I)− LITC(T, I)

if ∆LITC(ti) < 0 then
7 Remove ti from T → T ′

8 Refine text T ′ using ITM:

LITM(T ′, I) < LITM(T, I) Accept T ′ if true
9 Phase 3: Contextual Reconstruction with MLM

10 Mask tokens in T ′ and predict missing tokens to generate the
reconstructed text Tfilled:

Tfilled = MLM-decoder(Tmasked, I)

11 Evaluate using ITC and ITM:

LITC(Tfilled, I) < LITC(T
′, I)

LITM(Tfilled, I) < LITM(T ′, I)

if both conditions hold then
12 Tfinal = Tfilled

13 else
14 Tfinal = T ′

15 Feedback Loop: Backpropagate optimized text
Output: Tfinal

(3) Context-Aware Reconstruction: After the first two stages
of screening and optimization, the text decoder in the MLM
task is trained on a cleaner corpus, improving its capacity
for image-grounded understanding and generation. Leveraging

fused image-text features, the decoder reconstructs masked,
noisy fragments using contextual and visual cues, enhancing
overall text quality. Specifically, each noisy fragment pj is re-
placed with a [mask] token during reconstruction:

tmask
j = {p1, ..., pj−1, [mask], pj+1, ..., pn}. (12)

Then, tmask
j and the image feature vi are input into the text

and visual encoders together to reconstruct the missing fragment
based on the cross-modal context. t̂i represents the text after the
missing fragment has been generated by MLM:

t̂i = MLM(tmask
j , vi). (13)

The text generated by the MLM is further evaluated to
determine whether it improves upon the original text:

∆L
(p̂j)

ITC = LITC(vi, t̂i)− LITC(vi, ti), (14)

∆L
(p̂j)

ITM = ŝi − si. (15)

If ∆L
(p̂j)
ITC < 0 and ∆s

(p̂j)
ITM > 0 are satisfied, it indicates that

the reconstructed fragment outperforms the original fragment
in both image-text alignment and semantic matching. In this
case, we replace the original fragment pj in the text with the
reconstructed fragment p̂j , and train the model based on this.

Overall, the SCIO module employs a collaborative mech-
anism of progressive optimization and closed-loop feedback:
the first two stages use ITC and ITM to filter out high-quality
text subsets, thereby enhancing the purity of the MLM training
data. Meanwhile, the MLM reconstruction module optimizes the
image-text alignment task to achieve high-quality semantic com-
plementarity between text and image representations. Algorithm
1 outlines the overall process of SCIO.

4 EXPERIMENTS AND ANALYSIS

4.1 Implementation Details

FUSAR-KLIP relies on large-scale cross-modal pre-training,
which requires balancing computational efficiency with model
capacity while ensuring reproducibility. Accordingly, we imple-
mented the complete training and evaluation pipeline in PyTorch
and conducted all experiments on a computing node equipped
with eight NVIDIA RTX 3090 GPUs. The visual encoder is
initialized from a ViT model pretrained on ImageNet, while
the text encoder uses BERT weights. Considering computational
efficiency and model performance, the input image size is fixed
at 224×224 with a batch size of 32 during pretraining. A queue
of 20,000 image-text features is maintained to support large-scale
contrastive learning. The alignment loss weight α is set to 0.4 to
strengthen cross-modal semantic association.

The model is optimized using AdamW with a weight decay
of 0.05. The learning rate is initialized at 3e-4, linearly warmed
up from 1e-6 over 3000 steps, and then decays to a minimum of
1e-6 following a rate of 0.9. Training is conducted over 36 epochs,
with each stage of SCIO trained for 12 epochs.

For downstream task evaluation, we systematically fine-
tuned the proposed foundation model across 11 representative
remote sensing tasks in the vision and language categories,
comprehensively examining its generalization and practical per-
formance. In this process, we constructed a SAR multimodal
evaluation benchmark and compared it with several leading
open-source remote sensing multimodal models listed in Table 2,
rigorously evaluating them under a unified setup. Due to the
scarcity of high-quality SAR image-text pairs, these models are
mostly pre-trained on natural or optical remote sensing imagery.
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Fig. 8: Text data of FUSAR-GEOVL-1M. (a)–(b): word clouds and length statistics of object and landform task texts; (c)–(e): Influence
of HCoT on text quality.

This benchmark not only provides a systematic validation frame-
work for this research but also establishes a reusable evaluation
baseline for subsequent related work.

4.2 Analysis of FUSAR-GEOVL-1M Text
After constructing the FUSAR-GEOVL-1M dataset, we further
conducted statistical and quality analysis of its language modal-
ities. Unlike existing multimodal remote sensing datasets that
rely on manual or templated labeling, the data text in this
study was automatically generated by a large language model,
necessitating a systematic assessment of its semantic richness,
task relevance, and diversity. To ensure the accuracy and in-
terpretability of the generated text, we constructed semantic

descriptions based on GPT-4.1. This model performed best in
SAR scene understanding, terminology usage, and semantic
coherence in comparisons with mainstream language models
like Gemini and Grok, and was therefore selected as the primary
generation engine.

During dataset construction, we designed task-oriented
prompts based on the HCoT framework introduced in Section
3.2, aiming to enhance the reasoning capability and fine-grained
perception of large language models in SAR image interpreta-
tion. Instruction sets were developed for three representative
remote sensing tasks: ground target recognition, marine target
recognition, and terrain understanding. For target-related tasks,
prompts guide the model to analyze attributes such as location,
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TABLE 2: Current Advanced Remote Sensing Multimodal Mod-
els

Model Vision Backbone Publication Image-Text Pairs

RemoteClip [17] ViT-Base\Large TGRS-2024 165,754

GeoRSClip [63] ViT-Base TGRS-2024 5,070,186

BAN [52] ViT-Base\Large TGRS-2024 23,822

ChangeClip [64] ViT-Base ISPRS-2024 59,246

Prithvi [65] ViT-Base IGARSS-2024 593,082

Geochat [50] ViT-Large CVPR-2024 141,246

VHM [48] ViT-Large AAAI-2025 1,390,405

SkyScript [49] ViT-Base\Large AAAI-2024 2,600,000

BITA [51] ViT-Large TGRS-2024 44,521

SARCLIP [53] ViT-Base\Large ISPRS-2026 400,000

CLIP* [66] ViT-Base ICML-2021 400 M

BLIP* [67] ViT-Base ICML-2022 100 M

Note: models marked with * are trained on natural image data.

Fig. 9: Accuracy evaluation of eight dimensions of information
in FUSAR-GEOVL-1M text data.

quantity, category, and structural features. In terrain-oriented
tasks, the focus is on interpreting elements such as buildings,
water bodies, and road networks. Each SAR image is paired with
eight complementary textual descriptions spanning multiple se-
mantic levels and knowledge dimensions. Key information is
extracted via regular expression matching, resulting in a total of
one million structured descriptions.

Fig. 8(a,b) present the word frequency distributions and
length statistics for target and terrain descriptions, respectively.
Terrain-related prompts yield more diverse and open-form re-
sponses, reflected in denser textual distributions. Fig. 8(c,d,e)
showcase representative samples from FUSAR-GEOVL-1M, cor-
responding to ground targets, marine targets, and terrain scenar-
ios. The integration of the HCoT prompting strategy leads to a
notable improvement in GPT-4.1’s reasoning performance and
semantic expressiveness.

To assess the textual accuracy of FUSAR-GEOVL-1M, we
conducted an expert evaluation on a randomly sampled 2%
subset of the dataset. Three experts independently rated eight
semantic attributes per image, assigning information accuracy
scores to quantify factual consistency. As shown in Fig. 9, the
overall accuracy approaches 80%. Marine target descriptions
achieve higher accuracy than ground targets, benefiting from the
relatively uniform sea background. Environmental descriptions
also perform well, aided by geospatial cues and lower semantic
complexity. While fine-grained target attributes occasionally con-
tain errors, the generated texts are generally accurate and coher-
ent, offering strong support for high-level scene understanding
and multimodal pre-training.

To further compare semantic expressiveness, we selected a

Fig. 10: TSNE feature distribution of images and two types of
text. The text in FUSAR-GEOVL is closer to the image feature
distribution, while the distribution of annotation-based text is
sparse.

Fig. 11: The number of text tokens and information richness of
public remote sensing multimodal datasets.

subset of FUSAR-GEOVL-1M with manual target annotations
and generated templated descriptions using the method in
RemoteCLIP [17]. As shown in Fig. 10, t-SNE visualization
reveals that FUSAR-GEOVL-1M texts exhibit tighter cluster-
ing aligned with image features, whereas templated texts are
more dispersed, indicating semantic sparsity. Additionally, as
illustrated in Fig. 11, we compared and analyzed multiple re-
mote sensing multimodal datasets using two metrics: the text
semantic richness index (MTLD [68]) and token count. Over-
all, FUSAR-GEOVL-1M significantly outperforms existing main-
stream datasets in both semantic richness and token count.

4.3 Visual Task Benchmarks
Visual representation capabilities are the cornerstone of cross-
modal modeling. For SAR imagery, texture and geometric fea-
tures under complex electromagnetic scattering mechanisms of-
ten directly determine the effectiveness of target recognition and
scene parsing. Therefore, before moving on to cross-modal tasks,
we first systematically evaluated the model’s performance in
a single visual modality to verify its ability to support basic
perception tasks. Specifically, we selected three typical tasks for
evaluation: classification, detection, and segmentation [69], [70],
[71]. These tasks cover different levels of requirements, from the
object level to the scene level. The three tasks are based on ViT as
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TABLE 3: Experimental Setup for Vision Tasks

Task Model Optimizer LR Epoch Scheduling

Classification ViT-Cls [35] AdamW 0.003 100 Warmup,CosineDecay

Detection ViTDET [74] AdamW 0.0001 36 Warmup,MultiStep

Segmentation Segmenter [75] AdamW 0.001 100 PolyLR

the visual encoder to build corresponding models, and targeted
optimization adjustments are made.

All models use the visual encoder weights in the multimodal
foundation model as initialization parameters for subsequent
SFT. In addition, three single-modal VIT foundation models
are also used for experimental comparison. Among them, MAE
[72] and MOCO v3 [73] are pre-trained based on the dataset
proposed in this paper, while SAR-JEPA [42] is the foundation
model proposed by Li et al. for SAR image interpretation.
Table 3 summarizes the key model configurations and training
hyperparameters of each subtask. The training and test data are
divided in a ratio of 4:1 by default.

1) Target Classification: The classifier is implemented using
the PyTorch framework and evaluated on three representative
SAR datasets: FUSAR-SHIP [26], FUSAR-AIR [60], and SAR-
ACD [25]. FUSAR-SHIP and FUSAR-AIR are curated subsets of
FUSAR-GEOVL-1M, focusing on ship and aircraft target recog-
nition, respectively. FUSAR-SHIP, developed by the Key Labo-
ratory of Electromagnetic Wave Information Science at Fudan
University, includes 5,242 images spanning 15 ship categories
and 98 subcategories. FUSAR-AIR comprises diverse aircraft
types such as transport, refueling, and civil aircraft. SAR-ACD,
a public third-party dataset with higher scene complexity and 1-
meter resolution, contains 3,032 images across six aircraft types,
with approximately 500 samples per class.

Table 4 presents the classification results on the three SAR
datasets, evaluated using Top-1 and Top-3 accuracy. Top-1 ac-
curacy reflects the proportion of samples where the model’s
top prediction matches the ground truth, while Top-3 accuracy
assesses whether the correct label appears within the top three
predicted categories, providing a more comprehensive view of
model performance across varying scenarios.

As shown in Table 4, the proposed FUSAR-KLIP foundation
model consistently outperforms all baselines in aircraft and ship
classification tasks, demonstrating superior recognition capa-
bility. On the SAR-ACD dataset, it achieves a Top-3 accuracy
of 99.84%, highlighting its strength in fine-grained category
discrimination. While SAR-JEPA, specifically designed for SAR
classification, also delivers strong performance. MoCo v3 and
MAE, both pre-trained on SAR data, outperform most mul-
timodal models, highlighting the benefits of modality-specific
pretraining. Notably, ViT-Large underperforms due to limited
SAR fine-tuning data, whereas FUSAR-KLIP maintains the best
performance at equal model scale, reflecting its robustness and
generalization ability.

2) Target Detection: This study developed an object detection
model based on the typical ViT detection framework, ViTDet.
By combining the ViT backbone with the feature pyramid struc-
ture, ViTDet enhances the detection of multi-scale targets while
maintaining global modeling capabilities, achieving excellent
performance across various visual detection tasks. We evaluated
the model’s performance using three representative SAR image
datasets, under the AP@50 metric. FUSAR-SHIP-Sense (FU-SS)
consists of FUSAR-SHIP target slices expanded into complete
scene images, totaling 3,838 images. FUSAR-AIR-Sense (FU-AS)
is composed of FUSAR-AIR target slices expanded into complete
scene images, totaling 2,491 images. SAR-AIRcraft-Few (AIR-

F) [30] is an open-source aircraft detection dataset built from
Gaofen-3 images, containing 4,368 images, 16,463 targets, and 7
aircraft categories. This experiment used only 20% of the training
data to assess the generalization ability of the pre-trained model
in non-homologous and few-sample scenarios.

Fig. 12: Visualization results of the target detection task. Blue
represents a correct detection. Red represents a false alarm.
Yellow represents a missed detection.
FUSAR-KLIP has the best performance.

From the target detection results presented in Table 4, the
FUSAR-KLIP model demonstrates significantly superior perfor-
mance in the three tasks of aircraft detection, ship detection, and
few-shot detection, exhibiting excellent target perception and
discrimination capabilities. In contrast, GeoRSClip, BAN, BLIP,
and MoCo v3 ranked second in some tasks but showed imbal-
anced performance across other tasks, indicating deficiencies in
task generalization and robustness.

3) Segmentation: This study constructed a SAR image se-
mantic segmentation model based on PyTorch, employing ViT
as the visual encoder and the Mask Transformer from Seg-
menter as the decoder to enhance semantic modeling. The
model was evaluated using overall accuracy (OA) and mean
Intersection over Union (mIoU) on two representative datasets.
FUSAR-MAP [20] focuses on fine-grained segmentation of ur-
ban scenes—including buildings, roads, vegetation, and back-
ground—with 600 high-resolution SAR images (1024×1024).
AIR-PolarSAR-Seg (PoSAR-Seg) [31] targets six land cover cat-
egories across 2,000 image slices (512×512), enabling evaluation
of general semantic segmentation performance.

The experimental results are presented in Table 4. FUSAR-
KLIP achieved the highest OA and mIoU on both segmenta-
tion datasets, significantly outperforming existing multimodal
and unimodal methods. Among the multimodal models, perfor-
mance varied greatly due to differences in modeling capabilities
of remote sensing domain knowledge. Models such as Remote-
Clip, GeoRSClip, CLIP, and SkyScript performed relatively well.
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TABLE 4: Benchmarks for vision tasks: target classification, target detection, and segmentation. The top half of the table shows the
model using vit-base as the backbone. The bottom half shows the model using vit-large as the backbone. Suboptimal results are
underlined.

Task Target Classification Target Detection Segmentation

Pretrain Model Backbone
FUSAR-AIR FUSAR-SHIP SAR-ACD FU-AS FU-SS AIR-F FUSAR-MAP PoSAR-Seg

Top1 Top3 Top1 Top3 Top1 Top3 mAP mAP mAP OA mIoU OA mIoU

RemoteClip ViT-Base 66.76 87.68 64.63 95.27 44.57 82.73 65.36 81.41 51.31 78.38 38.09 68.12 44.18

GeoRSClip ViT-Base 59.64 83.97 65.05 92.86 44.57 83.88 67.94 81.51 53.83 78.03 37.64 64.29 44.43

BAN ViT-Base 65.28 85.90 65.79 95.27 37.00 76.64 67.97 80.47 51.94 78.56 38.15 64.74 44.53

ChangeClip ViT-Base 56.97 83.08 65.79 95.06 33.22 71.38 66.98 81.77 50.96 78.28 38.05 66.63 43.31

Prithvi ViT-Base 67.50 89.31 64.63 93.28 54.93 91.61 57.66 78.38 35.87 78.59 38.05 63.28 36.03

SkyScript ViT-Base 62.31 85.45 65.58 95.48 54.11 88.48 66.91 80.86 55.99 78.58 38.19 64.89 41.79

CLIP ViT-Base 62.61 85.60 64.21 94.12 38.65 83.05 66.82 81.57 48.43 78.39 38.41 74.35 50.48

BLIP ViT-Base 64.98 86.05 65.58 94.27 56.25 92.59 67.86 83.18 52.84 79.32 40.69 51.88 20.05

SAR-JEPA ViT-Base 74.33 90.94 63.69 94.54 69.40 95.72 54.72 78.65 48.02 78.63 38.15 64.61 35.98

MAE ViT-Base 66.32 87.83 67.89 94.22 63.81 92.43 67.05 82.31 58.01 79.65 41.23 72.46 46.27

MoCo v3 ViT-Base 75.51 90.65 64.21 93.17 71.87 95.72 67.84 82.20 58.90 79.53 40.71 74.55 50.37

SARCLIP ViT-Base 66.32 86.35 66.94 95.35 41.44 80.75 68.20 80.91 53.92 78.38 37.83 64.63 38.14

FUSAR-KLIP ViT-Base 81.90 93.32 69.15 96.54 91.11 99.84 74.36 85.87 73.04 81.37 43.01 76.75 51.75

RemoteClip ViT-Large 65.28 87.38 61.69 92.54 45.55 87.00 58.87 77.01 51.56 61.93 19.87 62.65 30.82

BAN ViT-Large 65.87 87.37 55.71 90.97 51.31 89.14 59.25 77.06 49.82 78.48 38.13 61.64 33.48

GeoChat ViT-Large 62.46 86.35 60.70 91.81 43.25 80.92 59.01 77.13 41.17 76.15 38.11 44.80 19.70

VHM ViT-Large 60.68 84.12 61.69 92.75 30.92 69.73 57.83 78.08 44.19 67.18 27.34 47.66 17.56

SkyScript ViT-Large 65.13 86.50 65.58 94.59 47.53 89.47 58.72 77.87 45.93 72.60 31.76 66.02 43.20

BITA ViT-Large 62.61 86.94 57.08 89.92 37.00 80.26 62.35 77.25 45.80 58.78 16.34 65.40 44.58

SARCLIP ViT-Large 60.68 85.46 51.52 89.71 48.35 87.99 62.10 78.63 60.28 63.84 17.55 63.66 35.39

FUSAR-KLIP ViT-Large 75.96 90.35 66.84 95.14 77.46 98.02 68.14 82.54 68.97 79.13 38.41 70.62 46.29

The unimodal model SAR-JEPA performed well on FUSAR-MAP
but showed a significant decline in performance on the more
complex AIR-PolarSAR-Seg.

Fig. 1(a) shows the performance distribution of the models
across three visual tasks. In general, FUSAR-KLIP demonstrates
stronger generalization ability in typical visual task scenarios
by jointly modeling image and text modalities. Fig. 12 visual-
izes the detection results for qualitative analysis. For the same
model with different ViT sizes, we show better results. Fig. 12(a)
demonstrates the detection capability of SAR under noise in-
terference. GeoChat, VHM, BITA, and SAR-JEPA all missed
targets, while other methods exhibited noticeable false alarms.
Only our method successfully detected all targets. Fig. 12(b)
highlights the detection capability for small targets at the edges.
Only our method and MoCo v3 correctly detected these targets.
Combining Fig. 1(a) and Fig. 12, FUSAR-KLIP exhibits superior
performance in visual tasks.

4.4 Visual-Language Tasks Benchmarks

Compared to traditional vision tasks under closed-label systems,
visual-language tasks are more open and can more comprehen-
sively examine a model’s cross-modal understanding and rea-
soning capabilities. To systematically evaluate the multimodal
modeling performance of FUSAR-KLIP, we established a visual-
language task benchmark covering three representative tasks:
image captioning, image-text retrieval, and visual question an-
swering (VQA). These three tasks correspond to semantic gen-
eration, cross-modal matching, and cross-modal reasoning, re-
spectively, and can test the model’s generalization performance

TABLE 5: Experimental setup for the visual-language task.

Task Loss Functions Token Epoch LR Optimizer
Retrieval ITC, ITM 35 12 0.00001 AdamW
Caption ITC, ITM, MLM 100 12 0.00001 AdamW
VQA ITC, ITM, MLM 35 12 0.00002 AdamW

and multi-dimensional expressive capabilities in remote sensing
language understanding from different dimensions.

The experimental configuration is based on the fine-tuning
settings of mainstream multimodal models, such as BLIP [67],
used in the natural image domain, with adjustments made to
suit the characteristics of the data. Table 5 summarizes the core
training parameters for the three visual language tasks. Consid-
ering task-specific differences, the captioning task is configured
with a larger maximum token length, while the VQA task uses a
slightly higher learning rate to accelerate convergence.

In terms of fine-tuning data construction, we generate accu-
rate text based on image detection and segmentation annotations
and split the data into training and test sets at a 4:1 ratio. For
the captioning and retrieval tasks, the text content includes key
information such as the category, quantity, and spatial location
of the target. To enhance the diversity of semantic expression,
five language templates are designed. For the VQA task, we
create question-answer pairs focused on target attributes and
ground feature distribution, covering questions related to target
counting, type recognition, location positioning, and landform
classification. Fig. 13 presents examples of how the three types
of tasks are constructed.

1) Image-Text Retrieval: This task evaluates the model’s
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TABLE 6: Benchmarks for visual language tasks, including image-text retrieval, image captioning, and six question-answering tasks.
Target Pos: Target Position. Main Land: Main Landforms. All Land: All Landforms. Reg Land: Regional Landforms. Suboptimal
results are underlined.

Task Image-Text Retrieval Image Caption Visual Question Answer

Pretrain Model Backbone
TXT TXT TXT IMG IMG IMG

R
Bleu MET- CID- SPI- Target Target Target Main ALL Reg

R1 R5 R10 R1 R5 R10 4 EOR Er CE Count Rec Pos Land Land Land

RemoteClip ViT-Base 8.07 14.91 21.12 5.34 25.34 37.76 18.76 73.53 50.09 76.24 49.45 55.48 72.49 28.68 85.79 38.80 76.09

GeoRSClip ViT-Base 9.32 16.77 25.47 9.32 26.34 43.48 21.78 73.88 49.18 71.88 48.52 55.70 77.01 16.58 84.70 44.81 73.36

BAN ViT-Base 9.32 19.88 24.84 9.69 26.83 37.76 21.39 76.98 50.75 93.67 50.72 53.96 62.91 17.76 82.51 44.26 76.50

ChangeClip ViT-Base 10.56 18.01 28.57 7.08 26.83 41.49 22.09 72.95 50.89 67.65 48.32 55.70 22.11 22.24 85.79 47.54 77.60

Prithvi ViT-Base 6.21 11.80 14.29 2.61 13.66 22.98 11.93 77.62 50.54 73.66 51.16 52.01 50.50 8.55 78.69 17.49 73.50

SkyScript ViT-Base 8.70 22.36 32.92 10.31 34.78 49.94 26.50 72.68 48.71 67.92 48.20 54.18 75.81 14.47 86.34 20.77 76.64

CLIP ViT-Base 14.29 19.88 23.60 9.44 24.84 34.53 21.10 75.05 51.80 67.79 49.06 56.13 69.99 26.58 86.37 42.08 76.37

BLIP ViT-Base 15.53 29.19 39.75 15.53 52.05 65.96 36.34 76.52 56.28 104.36 49.55 76.66 89.55 79.76 82.51 39.34 77.19

SARCLIP ViT-Base 6.21 13.66 22.36 7.95 26.21 37.27 18.94 74.81 50.02 76.85 50.23 54.07 74.06 19.74 84.15 30.05 77.59

FUSAR-KLIP ViT-Base 20.50 38.51 50.93 20.25 49.57 68.45 41.37 80.01 57.68 113.46 51.40 98.70 96.43 97.89 99.45 89.07 93.58

RemoteClip ViT-Large 11.80 18.01 24.22 8.70 33.04 45.84 23.60 76.96 50.18 80.63 51.01 55.27 87.72 29.72 82.51 43.72 70.90

BAN ViT-Large 9.32 18.63 24.23 12.17 29.94 44.84 23.19 72.88 50.56 4.66 47.28 53.42 60.40 16.32 86.89 9.84 75.82

VHM ViT-Large 9.32 13.66 17.39 7.45 26.34 38.26 18.74 76.96 49.96 79.07 50.67 52.23 62.34 8.68 86.88 30.05 75.68

GeoChat ViT-Large 5.59 11.80 21.12 6.21 21.99 35.90 17.10 76.47 50.14 83.48 49.41 52.66 73.31 8.68 79.78 30.05 77.46

SkyScript ViT-Large 8.07 14.91 23.60 10.31 26.83 42.36 21.01 77.26 50.28 76.79 50.95 52.77 85.65 18.34 84.70 43.72 78.55

BITA ViT-Large 6.83 11.18 18.01 6.71 23.23 33.91 16.65 77.41 50.15 80.60 50.93 52.33 78.13 8.95 86.33 19.13 77.73

SARCLIP ViT-Large 11.18 23.60 28.57 8.57 32.04 43.48 24.16 76.97 51.01 73.34 50.54 53.09 85.96 9.74 88.52 43.17 78.83

FUSAR-KLIP ViT-Large 26.70 39.13 51.55 29.81 61.86 75.90 47.49 79.64 58.66 117.83 52.11 98.91 93.36 98.16 90.89 96.72 81.42

cross-modal retrieval capability between SAR images and text in
both directions: Image→Text and Text→Image, which is crucial
for remote sensing image retrieval. Standard Recall@K met-

rics (R@1, R@5, R@10) are used to assess performance, with
txt r1/r5/r10 and img r1/r5/r10 denoting the Top-K recall
rates for text-to-image and image-to-text retrieval, respectively.

Fig. 13: Supervised fine-tuning dataset construction for visual language tasks. Captioning and retrieval use the same format of data,
and VQA designs 6 tasks for objects and landscapes.
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Fig. 14: Comparison of capabilities from text to image retrieval.

The average of these six values serves as the overall retrieval
metric. Quantitative and qualitative results are shown in Table 6
and Fig. 14. As shown in Fig. 14, we compare the proposed
method with a suboptimal model. FUSAR-KLIP has the highest
matching degree for the correct option and can therefore retrieve
the corresponding image more accurately.

2) Image Captioning: The Caption task aims to generate
accurate descriptions of key targets and their spatial distribution
in SAR images using natural language. We evaluate the quality
of the image descriptions using four mainstream metrics [67]:
BLEU-4, METEOR, CIDEr, and SPICE. These metrics assess
the description quality from four dimensions: phrase matching,
semantic consistency, content relevance, and structural integrity.
Table 6 presents the quantitative evaluation results for each pre-
trained model on the Caption task. FUSAR-KLIP achieves lead-
ing performance across many indicators, particularly demon-
strating significant advantages in CIDEr.

3) Visual Question Answering: The VQA task is designed to
assess the model’s capability to comprehend SAR image con-
tent when presented with natural language queries. Leveraging
target detection annotations, we construct three question types:
target count estimation, target category recognition, and target
location reasoning. In particular, the location reasoning task
requires the model to identify the region number containing
the target, offering a quantitative evaluation of its spatial un-
derstanding. Additionally, based on ground object segmentation
and annotation data, we design three landform recognition tasks:
identifying the dominant landform type, recognizing the land-
form type in a specified region, and detecting all landform types
present in the image.

Table 6 summarizes the performance across all six tasks,
while Fig. 15 presents qualitative examples of model predictions
for representative questions. Experimental results show that
FUSAR-KLIP consistently achieves strong performance, espe-
cially in target location reasoning and comprehensive landform
identification, highlighting its robust reasoning ability in SAR-
based visual question answering scenarios.

4.5 Comparison with general multimodal large models

Some commercial multimodal large models with ultra-large
parameter volumes (such as GPT-5, Gemini 3, and Grok-4)
have demonstrated strong multi-task capabilities. However, due
to their closed-source nature, their applicability in the remote
sensing field still requires further verification. Given that VQA

is the most common application form for multimodal language
models, we use the VQA task to assess the reasoning ability
of these models on SAR images. The experimental results are
shown in Table 7. The general large models perform the weakest
in the target counting task, and their accuracy in other tasks
is significantly lower compared to the model proposed in this
study. This indicates that general multimodal large models suffer
from insufficient adaptability in SAR tasks, while the founda-
tional model developed in this research provides robust support
for advancing multimodal models in the SAR domain.

TABLE 7: Comparison with General multimodal LLM. Target
Rec: Target Recognition. Target Pos: Target Position. Main Land:
Main Landforms. All Land: All Landforms. Reg Land: Regional
Landforms.

LLMs
Target
Count

Target
Rec

Target
Pos

Main
Land

ALL
Land

Reg
Land

GPT-5 [34] 35 67 28 52 49 47
Gemini-3 [76] 21 40 41 56 71 42
Grok-4 [77] 19 29 54 36 67 48
Qwen3-VL [78] 38 51 27 54 34 40
FUSAR-KLIP 98 96 97 99 89 93

4.6 Ablation experiment

In the preceding experiments, we systematically validated the
overall performance of FUSAR-KLIP across a variety of vision
and multimodal tasks. However, the aggregate results do not
directly reveal the specific contributions of each design compo-
nent. To more clearly analyze the roles of data design and model
mechanisms in performance improvement, this section further
conducts ablation studies.

In the data validation, we selected the latest large-scale
SAR text dataset, SARLANG [18], for comparison. This dataset
depends on target detection annotations and fixed templates
to generate image-text pairs, ensuring high semantic accuracy
without the need for additional screening or reconstruction.
However, as analyzed in Fig. 11, SARLANG exhibits issues such
as sparse semantics and limited knowledge coverage.

TABLE 8: Ablation Experiments on Data and Modules.

Pretrain
Dataset

Screen
Filter Refine

Target
Count

Target
Rec

Target
Pos

Main
Land

ALL
Land

Reg
Land

SARLANG ✗ ✗ 71.12 86.24 92.24 94.54 83.61 78.96

FUSAR-GEOVL ✗ ✗ 92.83 93.86 93.68 96.17 86.34 85.52

FUSAR-GEOVL ✓ ✗ 97.18 95.80 94.61 98.36 87.43 88.39

FUSAR-GEOVL ✓ ✓ 98.70 96.43 97.89 99.45 89.07 93.58

To validate the effectiveness of our proposed semantic en-
hancement strategy, we design a structured evaluation around
the screen–filter–reconstruct mechanism, which aims to elim-
inate low-quality samples and refine textual content to en-
hance semantic quality and training robustness. Specifically,
we conduct two ablation experiments: (1) removing the entire
screen–filter–reconstruct pipeline and training directly on the
original data; and (2) applying only the screen–filter stage to
retain high-quality samples without performing textual recon-
struction.

On typical VQA tasks, the experimental results for different
configurations are shown in Table 8. The experiments demon-
strate that when trained with the FUSAR-GEOVL dataset we
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Fig. 15: The multimodal model’s responses to the VQA task, with the correct responses shown in color. Overall, FUSAR-KLIP has
the best performance.

Fig. 16: Visualization of model feature heatmaps after training
on different datasets. FUSAR-KLIP can more accurately extract
target features and distinguish background information.

constructed, the performance of each task significantly outper-
forms SARLANG, validating the advanced nature of the pro-
posed data construction method in terms of semantic richness
and knowledge guidance. Additionally, both the filtering and
reconstruction processes play a critical role in improving perfor-
mance.

Fig. 16 presents a visual comparison of features extracted by
different models in the target counting task. From Fig. 16(a-b),
it is evident that FUSAR-KLIP exhibits stronger resistance to
interference. Fig. 16(c-e) further shows that the model trained
with SARLANG suffers from noticeable target omissions, while

FUSAR-KLIP accurately focuses on all target areas.

5 CONCLUSION

This paper addresses the fundamental cognitive disconnect be-
tween general visual representations and remote sensing SAR in-
terpretation logic in cross-modal artificial intelligence, proposing
FUSAR-KLIP—the first knowledge-guided general multimodal
SAR foundational model. To this end, we constructed FUSAR-
GEOVL-1M, the largest and first large-scale SAR image dataset
to date that fully integrates geographic projection attributes.
Compared to traditional datasets, FUSAR-GEOVL-1M exhibits
significant advantages in spatial scale consistency and cross-
platform adaptability. Furthermore, through our proposed Hi-
erarchical Cognitive Chain and Self-Consistent Iterative Opti-
mization mechanism, it successfully transforms implicit geo-
graphic environment and scattering features into explicit struc-
tured knowledge, providing systematic physical and geographic
semantic support for cross-modal alignment.

We established a unified evaluation benchmark across 11
typical downstream tasks and conducted a systematic compar-
ison with 15 mainstream multimodal models. Experimental re-
sults show that FUSAR-KLIP demonstrates leading performance
across multiple tasks, particularly achieving breakthrough im-
provements in target counting and land cover classification
tasks that heavily rely on spatial reasoning. This result strongly
validates that incorporating geographical priors and physical
cognition into representation learning is a key path to overcom-
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ing the bottlenecks in remote sensing interpretation and bridging
the gap between machine representation and human cognition.

This study establishes for the first time the core role of
”knowledge-guided” in the construction of remote sensing foun-
dation models and proposes a new paradigm that integrates
geographic priors and cognitive modeling. It also provides theo-
retical reference for modeling other remote sensing modalities
with significant physical characteristics, such as multispectral
and infrared. In the future, we will focus on expanding data
scale and task types, further exploring unified modeling across
modalities and domains, and moving towards building a more
complete and logically consistent intelligent system for Earth
observation.
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