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Abstract: Most deep-learning-based vision tasks rely heavily on crowd-labeled data, and
a deep neural network (DNN) is usually impacted by the laborious and time-consuming
labeling paradigm. Recently, foundation models (FMs) have been presented to learn richer
features from multi-modal data. Moreover, a single foundation model enables zero-shot
predictions on various vision tasks. The above advantages make foundation models better
suited for remote sensing images, where image annotations are more sparse. However,
the inherent differences between natural images and remote sensing images hinder the
applications of the foundation model. In this context, this paper provides a comprehensive
review of common foundation models and domain-specific foundation models for remote
sensing, and it summarizes the latest advances in vision foundation models, textually
prompted foundation models, visually prompted foundation models, and heterogeneous
foundation models. Despite the great potential of foundation models for vision tasks,
open challenges concerning data, model, and task impact the performance of remote
sensing images and make foundation models far from practical applications. To address
open challenges and reduce the performance gap between natural images and remote
sensing images, this paper discusses open challenges and suggests potential directions for
future advancements.

Keywords: foundation model; remote sensing; pre-training; fine-tuning; adapter; segment
anything model; state-space model; visual grounding

1. Introduction

We are currently in the era of remote sensing, big data, and artificial intelligence.
With the continuous progress of imaging techniques and artificial intelligence advances,
high-resolution remote sensing images have been widely used for various applications,
such as resource exploration, environmental monitoring, precision agriculture, military
reconnaissance, and so on [1,2]. Compared to traditional machine learning algorithms,
DNN s have revolutionized the accuracy of remote sensing vision tasks with rich annotation
data and powerful GPU computing power. However, DNNs are far from the remote
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sensing requirements. On one hand, DNNs are usually impacted by the laborious and
time-consuming labeling requirement and single-task DNN limitation (e.g., a DNN is
generally trained for each visual recognition task). On the other hand, remote sensing
image annotations are more sparse.

Recently, foundation models (FMs) have been a hot and interesting topic in many
fields, and they have demonstrated strong versatility in visual and language understanding
tasks, e.g., ChatGPT [3], Gemini [4], and visual ChatGPT [5]. FMs have shown promis-
ing signs in remote sensing; however, the essential differences between remote sensing
images and natural images make the direct application of FMs limited for remote sensing
images [6]. Therefore, it is necessary to develop domain-specific FMs peculiar to remote
sensing by carefully considering the common technique shared between different domains
and the inherent characteristics of remote sensing images. In this context, this paper aims
to comprehensively review common foundation models and domain-specific foundation
models for remote sensing. Compared to related surveys [7-9], this paper covers the newest
FMs and emerging advances (e.g., prompt-related FMs, Mamba vision FMs), which are
very important for developing remote-sensing-specific FMs.

The paper is organized as follows. First, the basic principles of foundation models
and common techniques are reviewed, and the specific methods of foundation models
in remote sensing are then surveyed. The challenges are summarized and the follow-up
research directions are explored.

2. Foundation Model for General Vision Tasks

The flowchart of FMs for general vision tasks and remote sensing images is shown in
Figure 1. A foundation model is essentially a backbone for feature learning, and fine-tuning
or an adapter is usually used for different domains or downstream tasks. The following
three characteristics make FMs very promising for vision tasks:

Image
Classification

Images Images

Object Detection
Natural .
‘ Images Videos Semantic
: Segementation
Foundation Adapter :
Image Captioning
‘ Text ‘ ‘Prompt‘ Model -
Image
Conversation
Pancvomat | | Matiseotal

Image
Hyperspectral Classification

Images

Infrared
Images

Object Detection

Remote Sensing |[——| Adapter
Foundation Model

Fine-tunning
SAR Images Semantic

Segementation

DEM ‘

Change

Satellite/UAV :
Detection

[ | [

Image
Conversation

i

‘ Text ‘ ‘ Prompt ‘

Figure 1. Flowchart of FMs for vision tasks on natural images and remote sensing images.

(1) Model size. The massive model size enables FMS to capture more complex patterns
hidden in the data, generating more representative features.

(2) Learning strategy. By taking advantage of related data (including text, images, audio,
and video), FMs use self-supervised or semi-supervised learning without human
supervision or with minimal human interaction, which alleviates the time-consuming
and labor-consuming labeling work.

(3) Adaptation. FMs are trained on broad data and could be easily adapted to various
downstream tasks [10].
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Besides traditional vision foundation models and vision-language foundation models,
several research efforts are devoted to developing visually prompted foundation models,
e.g., Segment Anything Model (SAM) [11]. To provide a systematic review of recent founda-
tion models, this paper focuses on the following foundation models: vision FMs, textually
prompted FMs (i.e., vision—language FMs), visually prompted FMs, and heterogeneous
FMs. Figure 2 lists state-of-the-art foundation models of different types. Below, we review
the above foundation models from the perspective of pre-training and fine-tuning.
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Figure 2. State-of-the-art foundation models. Milestone models are marked in red.

2.1. Foundation Model Pre-Training
2.1.1. Vision Foundation Model

Vision foundation models aim to encode visual features, and they can be categorized
into ViT-based, CNN-based, and Mamba-based types. By taking advantage of the attention
mechanism, ViT defines a new paradigm for vision tasks. To enhance ViT, many variants
(e.g., Swin Transformer [12], Pyramid ViT [13], LeViT [14], LocalViT [15], and MIM [16]) are
proposed. It is worth noting that Internlmage [17] is a large-scale CNN-based foundation
model, which learns stronger and more robust patterns like ViT by reducing the inductive
bias of CNNs. Vision Mamba models such as ViM [18] and VMamba [19] mitigate the
modeling constraints of CNNs and offer Transformer-like modeling strengths by global
receptive fields and dynamic weighting. Mamba-type foundation models perform excel-
lently on long-sequence modeling tasks. Compared with other foundation models, vision
foundation models are limited due to the uncertainty of images and the lack of powerful
semantic representation taken by the language model.

2.1.2. Vision-Language Foundation Model

A vision-language foundation model is the combination of a vision model and a
natural language model. The vision model captures visual features from the images, while
the language model encodes information from the text. For instance, the newest GPT-
4V [20] integrates image inputs into large language models (LLMs), transforming FMs
from language-only systems to multi-modal powerhouses. Vision-language foundation
models aimed at jointly understanding visual and textual modalities. To better connect
vision models and language models, vision-language models are usually pre-trained
by the following three objectives [21]: contrastive objective, generative objective, and
alignment objective.

(1) Contrastive objective
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The rationale of the contrastive objective is to learn discriminative image—text repre-
sentations by pulling the embeddings of paired images and texts close while pushing
others away. The milestone of the contrastive objective is CLIP [22]. CLIP jointly
trained an image encoder and text encoder, and the contrastive loss aimed to maxi-
mize the cosine similarity between the paired image and text embeddings. To address
the limitation of CLIP in computationally expensive pre-processing and cleaning,
ALIGN [23] trained a dual encoder-based model on one billion noisy image—caption
datasets, where cosine similarity was optimized via normalized softmax loss. To
handle representations from space-time-modality space, Florence [24] expanded the
images and textual representations from coarse to fine, from static to dynamic, and
from RGB to multiple modalities. Finer-level information between modalities is hard
to represent by CLIP-like methods, and FILIP [25] aimed to capture fine-grained se-
mantic alignment by the token-wise cross-modal interaction. Motivated by the masked
auto-encoder, FLIP [26] enhances CLIP by masking 50-75% of input pixels, and the
computation complexities are reduced by 2—4 times. In contrast, MaskCLIP [27] learns
local semantic features by the random masking of the input image and teacher-based
self-distillation; EVA-CLIP [28] masks visual inputs to address the instability and
optimization efficiency.

(2) Generative objective
The generative objective aims to learn semantic features and generate images or texts
via masked modeling techniques. Masked image modeling is used to mask certain
patches in an image, and the encoder is trained to learn image context information and
reconstruct images conditioned on unmasked patches. For instance, a large portion of
patches (i.e., 75%) were masked out in training KELIP [29] and SegCLIP [30]. Masked
language modeling masks a fraction of tokens in each input text and predicts the
masked tokens. In contrast, masked cross-modal modeling works by jointly masking
and reconstructing text tokens and image patches. For instance, for FLAVA [31], the
masked portions of image patches and text tokens are 40% and 15%, respectively. For
an image, image-to-text generation aims to generate descriptive texts and capture fine-
grained vision-language correlation. For example, COCA [32] produces intermediate
embeddings by encoding an input image, and embeddings are then decoded into
descriptive texts.

(8) Alignment objective
The alignment objective aligns the image—text pair in an embedding space via global
matching between image and text or local matching between region and word. For
instance, GLIP [33] and DetCLIP [34] model local fine-grained vision-language corre-
lation by replacing object classification logits with region—-word alignment scores.

2.1.3. Visually Prompted Foundation Model

A visually prompted foundation model can be prompted by various prompts, e.g., text,
points, and bounding boxes. SAM [11] is a milestone of visually prompted models, and it is
trained on 11 million images and 1.1 billion masks. The rationale of SAM involves encoding
image and prompt embeddings, respectively, and predicting segmentation masks using
a lightweight mask decoder. Two best-known training-free approaches based on SAM
are Per-SAM [35] and its variant, PerSAM-F. For an image and a reference mask, PerSAM
localizes the target concept before estimating the object’s position, while PerSAM-F reduces
mask ambiguity by one-shot fine-tuning. SEED [36] takes more prompt types and exhibits
strong generalization capabilities.

It is worth noting that the combination of SAM and vision-language foundation
models is more powerful. For instance, Grounded-Segment-Anything [37] aims to detect
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and segment anything with text inputs, where bounding boxes are obtained by Grounded-
DINO [38] and text prompts, and target segmentations are achieved by SAM and bounding
boxes. Caption-AnyThing [39] leverages SAM and large language models for zero-shot
image captioning.

Other visually prompted models for image segmentation include CLIPSeg [40], Seg-
GPT [41], and SEEM [42]. CLIPSeg achieved capabilities for zero-shot and one-shot segmen-
tation, and the Transformer-based decoder is conditioned on text—visual CLIP embeddings.
SegGPT aims to train a foundation model applicable to diverse segmentation tasks in an
in-context learning paradigm.

2.2. Foundation Model Fine-Tuning

Fine-tuning is essential for foundation models adapting to specific domains or down-
stream tasks. Full fine-tuning needs training the entire model on a remote sensing dataset,
allowing for complete adaptation to the specific domain. However, it requires signifi-
cant computational resources and can lead to overfitting. In contrast, parameter-efficient
fine-tuning (PEFT) updates only a small subset of parameters, such as the last few lay-
ers or specific attention heads [43]. PEFT methods like adapter, prompt tuning, and
low-rank adaptation are commonly used to reduce computational costs and improve
efficiency. An adapter is a small neural network inserted into the pre-trained model,
facilitating task-specific adaptation without modifying the original model’s parameters.
CLIP-Adapter [44] learns new features by adding a bottleneck layer and performs residual-
style feature blending with the pre-trained features. SAM-Adapter [45] adapts SAM to
downstream tasks by injecting customized information into the network. MaskCLIP [27]
adapts CLIP and masked self-distillation to learn local and global semantics. To further
improve the segmentation performance, MaskCLIP+ [46] combines pseudo-labeling and
self-training. Prompt tuning involves injecting task-specific information into the model’s
input and aims to guide the model to focus on relevant features. Low-rank adaptation
reduces the parameter size by factorizing the model’s weight matrices into low-rank ma-
trices. In contrast, prompt-tuning methods involve finding the optimal prompts without
fine-tuning the entire VLM. For example, CoOp [47] keeps the pre-trained models fixed and
utilizes learnable vectors to model a prompt’s context words. Visual prompt tuning enables
pixel-level adaptation to downstream tasks. For example, DenseCLIP [48] adapts CLIP for
dense prediction by converting the image—text matching problem in CLIP to a pixel-text
matching problem.

By taking advantage of pre-trained models and the above fine-tuning techniques, FMs
define many new tasks. For instance, CLIP defines concepts such as visual grounding,
open-vocabulary object detection, referring image segmentation, and phrase grounding.
Specifically, RegionCLIP [49] established a new SOTA for zero-shot and open-vocabulary
object detection. CLIP-Driven CRIS [50] extended CLIP for the referring image segmen-
tation task by introducing a visual-language decoder and a text-to-pixel contrastive loss.
GLIP [33] reformulated the object detection task to phrase grounding, where all class names
are combined in one sentence. Grounding-DINO [38] is an open-set object detector that
combines the strengths of DINO with grounded pre-training, and it can detect arbitrary
objects using human-provided text descriptions.

To tailor pre-trained foundation models to remote sensing tasks, fine-tuning and
adapter techniques are usually employed. Specifically, fine-tuning aims to extend pre-
trained backbones on natural images for the remote sensing domain by refining model
parameters based on remote sensing images, and adapters are usually used for downstream
tasks by adding additional layers to the refined backbone. For instance, SPT [51] is a novel
fine-tuning technique for SAR images, which uses scattering information as a prompt and
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integrates learnable parameters into the pre-trained model. MANet [52] adapts SAM for
semantic segmentation and fuses information from different modalities to enhance the
segmentation performance. Training-Efficient Adapting (TEA) [53] combines parameter-
efficient fine-tuning with a top-down guidance mechanism to improve the efficiency and
performance of foundation models in remote sensing. PETL [54] explores parameter-
efficient techniques for adapting vision-language pre-trained models to remote sensing
image—text retrieval tasks.

3. Remote Sensing Foundation Models

To systematically review recent advances in remote sensing foundation models,

Figure 3 elaborated important efforts on datasets and foundation models.
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Figure 3. Overview of remote sensing datasets and foundation models.

3.1. Dataset

Some large-scale datasets are constructed for foundation model pre-training. Vision
datasets are mainly for traditional tasks such as scene classification, semantic segmentation,
and object detection. For instance, fMoW [55] contains 1 million images from 200 countries,
and it aims to predict the functional purpose of buildings and land use. SEN12MS [56]
consists of 180,662 triplets of dual-polarization SAR image patches, multi-spectral Sentinel-
2 image patches and MODIS land cover maps. MillionAID [57] contains a million instances
for scene classification. SatlasPretrain [58] consists of 302 M labels under 137 categories and
seven label types: points, polygons, polylines, properties, segmentation labels, regression
labels, and classification labels. Vision-language datasets have richer semantic information,
and they are mainly constructed for downstream tasks such as image captioning and VQA.
Table 1 lists some representative vision-language datasets. MMRS-1M [59] is the largest
multi-modal multi-sensor instruction-following dataset, consisting of over 1M image—text
pairs about optical, SAR, and infrared images. RSICap [60] contains rich and high-quality
scene information (e.g., residential area, airport, or farmland) and object information
(e.g., color, shape, quantity, absolute position, etc). These datasets help us pre-train or
fine-tune a vision-language foundation model; however, differences between various
datasets concerning captions and object information may hinder us from training a unified
vision-language foundation model. Other types of datasets are rare. SAMRS [61] is a
large-scale segmentation dataset that leverages SAM and existing object detection datasets.
SoundingEarth [62] consists of about 50k pairs of overhead images and crowd-sourced
audio samples, and it aims to train ResNet models and understand the key properties of a
scene by mapping visual and auditory modalities into a common embedding space.
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Table 1. Vision-language datasets.

Dataset

Description

MMRS-1M [59]

Tasks: Classification, detection, image captioning, VQA, visual grounding
Contributions: MMRS-1M contains more than 1M image—text pairs and
encompasses three visual modalities (e.g., optical, infrared and SAR).
url(accessed on 19 December 2024):

https:/ / github.com/wivizhang/EarthGPT

RSICap [60]

Tasks: Image captioning, VQA

Contributions: RSICap contains 2585 human-annotated captions with
rich and high-quality scene information and object information.
url(accessed on 19 December 2024):

https:/ / github.com/Lavender105/RSGPT?tab=readme-ov-file

RS5M [63]

Tasks: Image captioning

Contributions: RS5M contains 5 million aligned image-text pairs.
url(accessed on 19 December 2024):

https:/ / github.com/om-ai-lab/RS5M

DIOR-RSVG [64]

Tasks: VQA, image captioning, image—text retrieval

Contributions: DIOR-RSVG is based on DIOR dataset, and it contains
image-expression-box triplets for visual grounding tasks.
url(accessed on 19 December 2024):

https:/ / github.com/zhanyang-nwpu/rsvg-pytorch

SkyScript [65]

Tasks: Zero-shot scene classification, zero-shot transfer learning for
fine-grained object attribute classification and cross-modal retrieval
Contributions: SkyScript contains 5.2 million image-text pairs and
covers more than 29K distinct semantic tags.

url(accessed on 19 December 2024):

https:/ /github.com/wangzhecheng/SkyScript

ChatEarthNet [66]

Tasks: Image captioning

Contributions: ChatEarthNet is a new image—-text dataset based on
Sentinel-2 images. It consists of 173,488 image—text pairs with captions
generated by ChatGPT-3.5 and a manual verification process.
url(accessed on 19 December 2024):

https:/ /github.com/zhu-xlab/ChatEarthNet

SATIN [67]

Tasks: Zero- or low-shot classification

Contributions: SATIN is curated from 27 existing remote sensing datasets,
and it is organized into six distinct tasks and 250 distinct class labels.
url(accessed on 19 December 2024): https:/ /satinbenchmark.github.io/

Luo]iaHOG [68]

Tasks: Image—text retrieval

Contributions: LuoJiaHOG is an image caption dataset containing 94856
images and 131 classes.

url(accessed on 19 December 2024):

https:/ /huggingface.co/datasets/aleol/LuojiaHOG

LHRS-Align and
LHRS-Instruct [69]

Tasks: Scene classification, VQA, visual grounding

Contributions: LHRS-Align comprises 1.15 million image—-text pairs and
captions are generated by a large language model. LHRS-Instruct is a
multi-modal instruction-following dataset and it contains instruction
data for visual reasoning, image description, and conversation.
url(accessed on 19 December 2024):

https:/ / github.com/NJU-LHRS/LHRS-Bot

FIT-RS [70]

Tasks: Image caption, region caption, VQA, multi-label scene
classification, object detection, multi-task conversation relation detection,
relation reasoning, object reasoning

Contributions: FIT-RS is a fine-grained instruction tuning dataset, and it
contains 1,800,851 instructions samples for vision-language
comprehension tasks, e.g., semantic relationships among objects in
complex scenes.

url(accessed on 19 December 2024):

https:/ / github.com/Luo-Z13/SkySenseGPT
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3.2. Foundation Models

By effectively employing fine-tuning and adapter techniques [71], researchers can
leverage the power of foundation models to tackle a wide range of remote sensing chal-
lenges, from object detection and segmentation to scene classification and change detection.
Below, we review typical foundation models for remote sensing in depth.

3.2.1. Vision Foundation Models

Due to the complexity of remote sensing images, the foremost important extension
of vision foundation models is to learn domain-specific representation and add domain-
specific knowledge. For instance, DINO-MM [72] aimed to learn joint representation
and the invariant representation of optical images and SAR images. Seg2Sat [73], map-
sat [74], DiffusionSat [75], CRS-Diff [76], and MetaEarth [77] aimed at generating realistic or
higher-resolution images by diffusion-based generative foundation models. CROMA [78]
learns rich unimodal and multi-modal representations by combining contrastive and
reconstruction objectives. MATTER [79] leverages multi-temporal satellite images to
learn features that are robust to changes in illumination and viewing angle. Consider-
ing the differences between natural images and remote sensing images, GeoKR [80] and
GASSL [81] enhance the foundation model through geographical knowledge and geogra-
phy awareness. SAR-JEPA [82] learns multi-scale SAR target representations by knowledge-
guided predictive architecture. RSBuilding [83] unifies building extraction and building
change detection tasks by a task-prompted cross-attention decoder. CSPT [84] gradually
bridged the domain gap and transferred large-scale data knowledge to the remote sensing
domain. GFM [85] investigated the potential of continual pre-training from the large-scale
ImageNet-22k model to the geospatial foundation model. To handle objects of arbitrary ori-
entations in remote sensing images, RVSA [86] utilized a new rotated varied-size window
attention to learn better object representation and handle objects of arbitrary orientations.
EarthPT [87] accurately predicts pixel-level surface reflectance across the 400-2300 nm range.
Prithvi [88] is a Transformer-based foundation model, and it could be fine-tuned for various
tasks such as multi-temporal crop segmentation and flood mapping. To reduce the model
size, SiamIntCD [89] adapts a CNN-based vision foundation model, InternImage [17], for
change detection. It is the first CNN-based change detection vision foundation model and
combines the advantages of Siamese architecture and InternImage.

By taking advantage of state-space models (SSMs) with selection mechanisms and
hardware-aware architectures, Mamba is powerful in long-sequence modeling. Due to the
quadratic complexity of the self-attention mechanism, the Mamba foundation model has
recently been adapted for computer vision. tasks, i.e., Vision Mamba (ViM). ViM's efficiency
in processing large-size images makes it well-suited for high-resolution remote sensing data,
and the bidirectional SSM captures detailed spatial information, enabling accurate feature
extraction from complex remote sensing scenes. Mamba vision foundation models have
been widely used for various tasks, e.g., denoising(HSIDMamba [90], SSUMamba [91]),
dehazing (RSDehamba [92]), super-resolution (FMSR [93]), pan-sharpening (e.g., Pan-
Mamba [94]), image classification (RSMamba [95], SpectralMamba [96], $2Mamba [97],
SS-Mamba [98], DualMamba [99]), semantic segmentation (Samba [100], RS3Mamba [101]),
object detection (SOAR [102]), change detection (ChangeMamba [103], CDMamba [104],
BAN [105]), and compressive imaging (DHM [106]). HSIDMamba [90] outperforms the
latest Transformer architectures by 30% efficiency by incorporating bi-directional con-
tinuous scanning, which strengthens spatial-spectral interactions from eight directions.
RSDehamba [92] is an extremely lightweight Mamba-based model with only 1.80 M and
outperforms baseline methods by more than 0.72 dB. Pan-Mamba [94] utilizes channel-
swapping Mamba to initiate cross-modal interaction between partial panchromatic and
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multi-spectral channels and cross-modal Mamba to exploit cross-modal relationships for
improving the information representation capability. S>Mamba [97] utilizes bi-directional
spectral scanning to explore semantic information from continuous spectral bands and
the spatial-spectral mixture gate to adaptively incorporate representations from different
dimensions. Samba [100] is the first Mamba method for the semantic segmentation of
remote sensing images, where Samba blocks serve as the encoder and UperNet as the
decoder. ChangeMamba [103] is the first Mamba method for change detection tasks and it
adopts ViM as the encoder to learn global spatial contextual information. From the above
analysis, it could be inferred that the common innovations of the above methods are learn-
ing the representative spatial, temporal, and spectral context and reducing computation
complexity. While ViM foundation models have shown promising performances in remote
sensing images, the inherent 1D nature of selective scanning technique presents challenges
for 2D or higher-dimensional visual data, and critical spatial information may be lost. This
problem requires further investigation in the future.
Details of state-of-the-arts vision foundation models can be found in Table 2.

Table 2. Vision foundation models.

Model Name Description

DINO-MM [72] Tasks: Representation learning
Contributions: DINO-MM aims to jointly learn representations of
SAR-optical data by concatenating all channels to a unified input,
and it is flexible to learn representations from any combination of
available modalities.
url(accessed on 19 December 2024):
https:/ / github.com/zhu-xlab/DINO-MM

Seg2Sat [73] Tasks: Generative foundation model
Contributions: Seg2Sat explores diffusion algorithms and the terrain
segmentation data to generate aerial images.
url(accessed on 19 December 2024):
https:/ /github.com/RubenGres/Seg2Sat

map-sat [74] Tasks: Realistic satellite image generation
Contributions: map-sat aims to generate realistic satellite images
from maps, and is a pre-trained diffusion model, and the pre-trained
image diffusion model is augmented by ControlNet.
url(accessed on 19 December 2024):
https:/ / github.com/miquel-espinosa/map-sat

DiffusionSat [75] Tasks: Temporal generation, super-resolution
Contributions: DiffusionSat is the first generative foundation model for
remote sensing data based on the latent-diffusion model. DiffusionSat
can generate high-resolution satellite images from numerical metadata
and text, and a novel 3D-conditioning extension enables DiffusionSat for
super-resolution, temporal generation, and in-painting.
url(accessed on 19 December 2024):
https:/ / github.com/samar-khanna/DiffusionSat

CRS-Diff [76] Tasks: Single and compositional image generation
Contributions: CRS-Diff leverages the inherent advantages of
diffusion models to generate visually clear images and enrich
geographic and temporal information.
url(accessed on 19 December 2024):
https:/ / github.com/Sonettoo/CRS-Diff?tab=readme-ov-file

MetaEarth [77] Tasks: Unbounded and arbitrary-sized image generation
Contributions: MetaEarth is a resolution-guided self-cascading
generative framework, and it can generate images at any region with
different geographical resolutions.
url(accessed on 19 December 2024):
https:/ /jiupinjia.github.io/metaearth/
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Table 2. Cont.

Model Name

Description

MATTER [79]

Tasks: Change detection, land cover classification and semantic
segmentation

Contributions: MATTER learns invariance to illumination and view
angle, and it achieves material consistency and texture representation
by leveraging multi-temporal images over unchanged regions.
url(accessed on 19 December 2024):

https:/ / github.com/periakiva/MATTER

Prithvi [88]

Tasks: Flood mapping, wildfire scar segmentation, multi-temporal
cloud gap imputation and crop segmentation.

Contributions: Prithvi is a temporal vision transformer pre-trained
on contiguous US Harmonised Landsat Sentinel 2 (HLS) data. The
model accepts remote sensing data in a video format, and it captures
spatial attention across multiple patches and temporal attention for
each patch.

url(accessed on 19 December 2024):

https:/ / github.com /NASA-IMPACT /Prithvi-EO-2.0

SiamIntCD [89]

Tasks: Change detection.

Contributions: SiamIntCD adapts a CNN-based vision foundation
model named Internlmage [17] for model size reduction and change
detection. It is the first CNN-based change detection vision
foundation model and combines the advantages of Siamese
architecture and InternImage.

url(accessed on 19 December 2024):

https:/ / github.com /jingsl5/SiamIntCD

HSIDMamba [90]

Tasks: Hyperspectral denoising

Contributions: By hyperspectral continuous scan blocks,
HSIDMamba enhances long-range and local spatial-spectral
information and strengthens spatial-spectral interactions.
url(accessed on 19 December 2024):—

SSUMamba [91]

Tasks: Hyperspectral image denoising

Contributions: SSUMamba is based on the spatial-spectral
continuous scan Mamba block, which aims to improve denoising
performance by capturing local spatial-spectral correlations,
long-range spatial-spectral dependencies, and continuity in various
directions.

url(accessed on 19 December 2024):

https:/ /github.com/Ironkitty /SSUMamba

RSDehamba [92]

Tasks: Satellite image dehazing

Contributions: RSDehamba integrates the state space model to
enrich the global context of U-Net for image restoration. To transfer
effective information between different regions, a direction-aware
scan module is presented to sense the spatially varying haze
distribution.

url(accessed on 19 December 2024): —

FMSR [93]

Tasks: Image super-resolution

Contributions: FMSR is a multi-level spatial-frequency fusion model.
Multi-level features are recalibrated for accurate feature fusion via
learnable scaling adaptors.

url(accessed on 19 December 2024):

https:/ / github.com/XY-boy/FreMamba

Pan-Mamba [94]

Tasks: Pan-sharpening

Contributions: Pan-Mamba is a novel pan-sharpening network,
which leverages channel-swapping Mamba for initiating a
lightweight cross-modal interaction and cross-modal Mamba for
enhancing inherent cross-modal relationships.

url(accessed on 19 December 2024):

https:/ / github.com/alexhel01/Pan-Mamba



https://github.com/periakiva/MATTER
https://github.com/NASA-IMPACT/Prithvi-EO-2.0
https://github.com/jingsl5/SiamIntCD
https://github.com/lronkitty/SSUMamba
https://github.com/XY-boy/FreMamba
https://github.com/alexhe101/Pan-Mamba

Remote Sens. 2025, 17,179

11 of 30

Table 2. Cont.

Model Name

Description

RSMamba [95]

Tasks: Image classification

Contributions: To alleviate the limitations of the vanilla Mamba in
unidirectional modeling and position insensitivity, RSMamba
augments Mamba’s capacity to model non-causal data by
incorporating a position-sensitive dynamic multi-path activation
mechanism.

url(accessed on 19 December 2024):

https:/ / github.com/KyanChen/RSMamba

SpectralMamba [96]

Tasks: Hyperspectral image classification

Contributions: SpectralMamba models hyperspectral data
dynamics at two levels, i.e., the first level is the joint encoding of
spatial regularity and spectral peculiarity in the spatial-spectral
space by piece-wise sequential scanning, and the second level is the
gated spatial-spectral merging in the hidden state space.
url(accessed on 19 December 2024):

https:/ / github.com/danfenghong/SpectralMamba

S*Mamba [97]

Tasks: Hyperspectral image classification

Contributions: S2Mamba learns spatial contextual features by a
patch cross-scanning module and explores spectral semantic
information by a bidirectional spectral scanning module. The
spatial-spectral mixture gate is performed to adaptively incorporate
representative features across different dimensions.

url(accessed on 19 December 2024):

https:/ / github.com/PURE-melo/S2Mamba

SS-Mamba [98]

Tasks: Hyperspectral image classification

Contributions: SS-Mamba is a Mamba-based spectral-spatial
learning framework, which aims to exploit the spectral-spatial
information by converting HSI cube to spatial and spectral tokens as
sequences and enhance spectral-spatial tokens using the HSI
sample’s center region information.

url(accessed on 19 December 2024):

https:/ / github.com/XY-boy/FreMamba

DualMamba [99]

Tasks: Hyperspectral image classification

Contributions: DualMamba is a dual-stream Mamba-convolution
network, and adaptive global-local fusion is utilized to dynamically
adjust the weights of global and local spectral-spatial features.
url(accessed on 19 December 2024): —

Samba [100]

Tasks: Semantic segmentation

Contributions: Samba adopts Samba blocks to efficiently learn
multi-level semantic information from high-resolution remote
sensing images. It surpassed the mIoU metric of Segformer and
ConvNeXt by 3.95% and 10.3% on the LoveD dataset.
url(accessed on 19 December 2024):

https:/ /github.com/zhuqinfeng1999 /Samba

RS3Mamba [101]

Tasks: Semantic segmentation

Contributions: RS3Mamba constructs an auxiliary branch based on
visual state space blocks and provides global information to the
convolution-based branch, and features from the dual encoder are
merged and enhanced by a collaborative completion module.
url(accessed on 19 December 2024):

https:/ / github.com/sstary /SSRS

SOAR [102]

Tasks: Small body object detection for aerial imagery
Contributions: SOAR employs Vision Mamba for precise
location-aware visual understanding and a bidirectional state space
model for effective visual context modeling.

url(accessed on 19 December 2024):

https:/ /github.com/yash2629/5.0.A.R
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Model Name

Description

ChangeMamba [103]

Tasks: Change detection

Contributions: ChangeMamba adopts the cutting-edge Visual
Mamba architecture to encode global spatial contextual information
with the linear complexity, three decoders are presented to modeling
spatial-temporal relationships for binary change detection, semantic
change detection and building damage assessment tasks.
url(accessed on 19 December 2024):

https:/ / github.com/ChenHongruixuan/MambaCD

CDMamba [104]

Tasks: Change detection

Contributions: CDMamba utilizes Mamba to extract global features
and convolution to enhance the local details. An adaptive
global-local guided fusion block is proposed to facilitate the
bitemporal interaction.

url(accessed on 19 December 2024):

https:/ /github.com/zmoka-zht/CDMamba

BAN [105]

Tasks: Change detection

Contributions: BAN is a bi-temporal adapter network, and it adapts the
knowledge from pre-trained foundation models to the change detection
task by the bi-temporal adapter branch and bridging modules.
url(accessed on 19 December 2024): A new learning paradigm for
foundation model-based remote-sensing change detection

DHM [106]

Tasks: Compressive Imaging

Contributions: DHM adopts a dual Mamba strategy for efficient
spectral compressive imaging, one is to model long-range
dependencies across the entire HSIs, and the other is to capture local
contexts by structured state-space sequences.

url(accessed on 19 December 2024):

https:/ / github.com/JiahuaDong/DHM

SatMAE [107]

Tasks: Land cover classification, multi-label classification and
building segmentation

Contributions: SatMAE learns useful representations from temporal
and multi-spectral satellite images by masked autoencoders and the
joint encoding of positional, temporal and spectral information.
However, computational resources can be strained by the increased
length of token sequences.

url(accessed on 19 December 2024):

https:/ /github.com/sustainlab-group /SatMAE

GeoRSCLIP [63]

Tasks: Zero-shot classification, cross-modal text-image retrieval,
semantic localization

Contributions: GeoRSCLIP proposed the concept of the domain
vision-language model and fine-tuned the CLIP model for utilizing
domain-specific data, RS5M, which is about 1000 times larger than
existing largest image—text paired remote sensing datasets.
url(accessed on 19 December 2024):

https:/ /github.com/om-ai-lab/RS5M?tab=readme-ov-file

RingMo [108]

Tasks: Classification, segmentation, detection

Contributions: RingMo is a foundation model with masked image
modeling and is designed for dense and small objects in
complicated scenes.

url(accessed on 19 December 2024):

https:/ /github.com/comeony/RingMo

RVSA [86]

Tasks: Classification and segmentation

Contributions: By utilizing a new rotated varied-size window
attention, RVSA learns better object representation and reduces the
computational cost.

url(accessed on 19 December 2024):

https:/ / github.com/ViTAE-Transformer /Remote-Sensing-RVSA
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Model Name

Description

BFM [109]

Tasks: Rotated object detection and semantic segmentation
Contributions: BFM is the first billion-scale remote sensing
foundation model, and it is achieved by pretraining a vision
Transformer on extensive remote sensing images coupled with the
parallelism strategy.

url(accessed on 19 December 2024): —

CMID [110]

Tasks: Scene classification, semantic segmentation, object detection,
and change detection

Contributions: CMID adopts a teacher—student self-distillation
architecture for combining contrastive learning and masked image
modeling, and it aims to learn representations with both global
semantic separability and local spatial perceptibility.

url(accessed on 19 December 2024):

https:/ / github.com/NJU-LHRS/ official-CMID

SARATR-X [111]

Tasks: Target recognition

Contributions: SARATR-X ensures the diversity and scalability of
foundation model by multi-scale gradient features and two-stage
training.

url(accessed on 19 December 2024):

https:/ /github.com/waterdisappear/SARatrX

MTP [112]

Tasks: Semantic segmentation, instance segmentation, rotated object
detection, and change detection

Contributions: Based on a shared encoder and task-specific decoder
architecture, MTP explores a multi-task pretraining framework to
address the discrepancy between upstream pre-training and
downstream fine-tuning tasks.

url(accessed on 19 December 2024):

https:/ / github.com/ViTAE-Transformer/MTP

DOFA [113]

Tasks: Classification, segmentation

Contributions: Inspired by neuroplasticity for adjusting to new
experiences or environmental shifts, DOFA trains a unified
multi-modal foundation model for different data modalities across
distinct tasks.

url(accessed on 19 December 2024):

https:/ / github.com/zhu-xlab/DOFA

SkySense [114]

Single-modal and semantic segmentation, horizontal and oriented
object detection, change detection, scene classification
Contributions: SkySense is a generic billion-scale model pre-trained
on 21.5 million temporal sequences of optical and SAR data. By
multi-granularity contrastive learning, SkySense learns
representations across different modalities and spatial granularities,
and it surpasses 18 recent FMs on 16 datasets over seven tasks.
url(accessed on 19 December 2024): —

msGFM [115]

Tasks: Scene classification, segmentation, cloud removal, and
pan-sharpening

Contributions: msGFM employs an innovative cross-sensor
pre-training approach in masked image modeling, enabling the
synthesis of joint representations from diverse sensors (e.g., SAR,
Sentinel 2, RGB, DSM.)

url(accessed on 19 December 2024):

https:/ /github.com/boranhan/Geospatial_Foundation_Models
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Model Name

Description

Spectral GPT [116]

Tasks: Single-label and multi-label scene classification, semantic
segmentation, change detection

Contributions: SpectralGPT is the first spectral RS foundation model
with over 600 million parameters, and it is trained by a 3D generative
Transformer on one million spectral images. By leveraging 3D tokens
for spatial-spectral coupling, Spectral GPT captures spectrally
sequential patterns via multi-target reconstruction.

url(accessed on 19 December 2024):

https:/ /github.com/danfenghong /IEEE_TPAMI_Spectral GPT

SLFFM [117]

Tasks: Object detection, semantic segmentation, and change
detection

Contributions: A sparse and low-frequency filtered masked
modeling framework is designed for representation learning of
ConvNet foundation model.

url(accessed on 19 December 2024):

https:/ / github.com /HIT-SIRS/SMLFR

SwiMDiff [118]

Tasks: Change detection, land-cover classification

Contributions: SwiMDiff seamlessly integrates contrastive learning
with a diffusion model. By pixel-level diffusion constraints, the
encoder comprehensively captures fine-grained features and global
semantic information.

url(accessed on 19 December 2024): —

GeRSP [119]

Tasks: Object detection, semantic segmentation, and scene
classification

Contributions: GeRSP combines two pre-training branches and
learns representations with the general and special knowledge using
a teacher—student architecture.

url(accessed on 19 December 2024):

https:/ /github.com/floatingstarZ/GeRSP

FG-MAE [120]

Tasks: Reconstructing HOG and NDI features

Contributions: FG-MAE is a feature-guided masked autoencoder,
and it aims to reconstruct various image features for
medium-resolution SAR and multispectral images.

url(accessed on 19 December 2024):

https:/ / github.com/zhu-xlab/FGMAE

CtxMIM [121]

Tasks: Land cover classification, semantic segmentation, object
detection, and instance segmentation

Contributions: CtxMIM formulates the original image patches as the
reconstructive template, and it learns robust and transferable
representations by a context-enhanced generative branch.
url(accessed on 19 December 2024): —

DeCUR [122]

Tasks: Scene classification and semantic segmentation
Contributions: By distinguishing inter- and intra-modal
embeddings, DeCUR aims to integrate complementary information
from different modalities, i.e., radar-optical, RGB elevation and RGB
depth.

url(accessed on 19 December 2024):

https:/ /github.com/zhu-xlab/DeCUR

CSP [123]

Tasks: Location representation

Contributions: CSP encodes the images and corresponding
geo-locations using a dual-encoder and learns effective location
representations by a contrastive objective.

url(accessed on 19 December 2024):

https:/ /gengchenmai.github.io/csp-website /
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3.2.2. Textually Prompted Foundation Models

Compared to pure vision-based models, textually prompted foundation models define
new vision tasks. Specifically, traditional label-featured image classification, object detection
and semantic segmentation tasks are transformed to open-vocabulary image classifica-
tion, open-vocabulary object detection, and open-vocabulary semantic segmentation, e.g.,
GRAFT [124] and YOLO-World [125].

The other advantage taken by textually prompted foundation models is the utilization
of language model for image captioning and VQA, e.g., RSGPT [60] and RS-LLaVA [126].
RSGPT [60] created vision-language chat agents for remote sensing images. Interestingly,
the addition of a language model makes the vision-language foundation model easily
adapted for image captioning and visual grounding (e.g., SkyEyeGPT [127], EARTH-
GPT [59]) and image—text retrieval and object counting(RemoteCLIP [128]), where visual
grounding aims to locate relevant objects or regions based on a natural language query.
Moreover, GeoChat [129] offers multitask conversational capabilities, i.e., image-level
queries, region-specific dialogue, visually grounded objects, etc. Table 3 lists details of
state-of-the-arts vision-language foundation models.

Table 3. Remote sensing vision-language foundation models.

Model Name Description
EARTHGPT [59] Tasks: Classification, detection, image captioning, VQA and visual
grounding

Contributions: EarthGPT is a pioneering multi-modal large language
model designed for remote sensing image comprehension. It leverages a
multi-modal mutual learning framework to seamlessly integrate various
tasks and multi-sensor image interpretation in multi-turn dialogues.
url(accessed on 19 December 2024): —

RSGPT [60] Tasks: Image captioning, VQA
Contributions: RSGPT is based on fine-tuning InstructBLIP on RSICap.
For remote sensing domain adaptation, the Q-Former and the linear
layer are trained, and the image encoder and LLM are frozen.
url(accessed on 19 December 2024):
https:/ /github.com/Lavender105/RSGPT

LHRS-Bot [69] Tasks: Scene classification, VQA, visual grounding
Contributions: LHRS-Bot performs image understanding through
multi-level vision-language alignment and curriculum learning.
url(accessed on 19 December 2024):
https:/ /github.com/NJU-LHRS/LHRS-Bot

RS-LLaVA [126] Tasks: Image captioning and VQA
Contributions: RS-LLaVA is a large vision-language model for joint
captioning and question answering in remote sensing images, and it is
an enhanced version of LLaVA adapted by the LoRA method.
url(accessed on 19 December 2024):
https:/ / github.com/BigData-KSU/RS-LLaVA?tab=readme-ov-file

SkyEyeGPT [127] Tasks: Image captioning, visual grounding, VQA
Contributions: SkyEyeGPT is a unified multi-modal, large language
model designed for remote sensing (RS) vision-language understanding.
It uses a two-stage tuning method to enhance instruction-following and
multi-turn dialogue ability at different granularities., and it exhibits
encouraging performances compared to GPT-4V in certain tests.
url(accessed on 19 December 2024):
https:/ / github.com/ZhanYang-nwpu/SkyEyeGPT
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Model Name

Description

RemoteCLIP [128]

Tasks: Zero-shot image classification, few-shot classification, image-text
retrieval, object counting

Contributions: RemoteCLIP is the first vision-language foundation
model for remote sensing, and it adapts CLIP for seamless downstream
applications by aligning vision-language representations and learning
robust visual features with rich semantics.

url(accessed on 19 December 2024):

https:/ / github.com/ChenDelong1999 /RemoteCLIP

GeoChat [129]

Tasks: Image and region captioning, VQA, scene classification, visually
grounded conversations and referring detection

Contributions: GeoChat is the first grounded large vision language
model for remote sensing scenarios. It finetunes LLaVA-1.5 by LoRA,
which avoids forgetting original knowledge embedded in the large
language model and extends its domain knowledge to remote sensing
tasks.

url(accessed on 19 December 2024):

https:/ / github.com/mbzuai-oryx/GeoChat

GRAFT [124]

Tasks: Image classification, retrieval, segmentation and VQA
Contributions: GRAFT trains an image encoder without textual
annotations; the key insight involves aligning the image encoder of CLIP
using paired internet and satellite images.

url(accessed on 19 December 2024): https:/ /colab.research.google.com/
drive/1C-7H4uptjgOBnmiQIl6gcNAJKYvilsBxS?usp=sharing

HZRSVLM [130]

Tasks: Scene classification, VQA, visual grounding

Contributions: H*RSVLM is a helpful and honest remote sensing vision
language model, and it can mitigate the incorrect generations by
recognizing and rejecting unanswerable questions.

url(accessed on 19 December 2024):

https:/ / github.com/opendatalab/H2RSVLM

GeoCLIP [131]

Tasks: Geo-localization

Contributions: GeoCLIP employs GPS encoding by CLIP-inspired
alignment between locations and images, and a continuous function is
used to model the Earth and obtain semantic features suitable for
geolocation.

url(accessed on 19 December 2024):

https:/ /vicentevivan.github.io/GeoCLIP/

SatCLIP [132]

Tasks: Geo-localization

Contributions: SatCLIP exploits a contrastive location-image
pretraining objective, and it matches satellite images and the respective
coordinates to learn an implicit neural representation of visual patterns
on the globe.

url(accessed on 19 December 2024):

https:/ / github.com/microsoft/satclip

3.2.3. Visually Prompted Foundation Models

Recently, the remote sensing community has shown strong interest in adapting

SAM for segmentation-related applications, especially the combination of SAM and
CLIP [133,134]. The fact that SAM provides accurate region segmentation and CLIP pro-
vides reliable semantics makes foundation models attractive for practical applications.
Figure 4 shows two strategies of combining SAM and CLIP, i.e., pre-SAM and post-SAM.
Specifically, for the pre-SAM strategy, a text prompt is used as input for Grounding DINO

or CLIP Surgery, which generates bounding boxes or point prompts for SAM to produce a

semantic segmentation map. In contrast, post-SAM employs SAM to generate all available

segmentation masks and then utilizes CLIP to identify masks of interest by comparing

semantic similarities with the text prompt. Awesome applications vary from different data
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(optical images [135,136], multi-view remote sensing image [137], SAR images [138], aerial
images [139], point cloud [140], LiDAR data [141]), different tasks (semantic segmenta-
tion [83,142], instance segmentation [143], shadow detection [144], change detection [145],
image understanding [146]), domain adaptation [147], and zero-shot and one-shot learning [134].

Pre-SAM ost-SAM

)
q
|
= [ Text Prompt
Building
Car

Road

Figure 4. Two strategies of combining SAM and CLIP. The figure is from [148].

SAM relies on manual guidance due to its interactive nature, and it is limited for
automated remote sensing image segmentation. RSPrompter [143] learns to produce task-
specific prompts, which help SAM generate semantically discernible segmentation results.
AnyChange [149] is a zero-shot change detection approach, which adopts SAM to reveal
intra-image and inter-image semantic similarities in the latent space. With zero-shot change
detection capability. SAM-Road [142] adapts SAM for efficiently and accurately predicting
road segments and intersections from satellite images. RingMo-SAM [136] can segment
anything and identify object categories in optical and SAR images, and it improves the
multi-object segmentation performances of complicated scenes by multi-box prompts.
SAMCD [150] adapts FastSAM for change detection, where FastSAM focuses on some
specific ground objects and models the semantic latent in bitemporal images. Some typical
applications are listed in Table 4.

Table 4. Visually prompted foundation models for remote sensing.

Model Name Description

RSBuilding [83] Tasks: Building extraction, change detection
Contributions: RSBuilding enhances cross-scene generalization and task
universality by extracting image features based on the prior knowledge
of FMs and unifying task representation by a cross-attention decoder
with task prompts.
url(accessed on 19 December 2024):
https:/ / github.com/Meize0729 /RSBuilding

Text2Seg [133] Tasks: Semantic segmentation
Contributions: By employing visual foundation models for automatic
prompt generation, Text2Seg overcomes the dependency of SAM on extensive
annotations and enhances the model’s ability to generalize across diverse
datasets. Compared to the vanilla SAM model, relative improvements of
Text2Seg over zero-shot prediction performance range from 31% to 225%.
url(accessed on 19 December 2024):
https:/ /github.com/Douglas2Code/ Text2Seg

BSDSNet [138] Tasks: Land cover classification
Contributions: BSDSNet is a SAM-based dual-stream feature extraction
network, where the ConvNext encoder and ViT encoder are used to
extract local and global information. By integrating local-global
information, the SA-Gate module makes BSDSNet well-suited for
classifying PolSAR images across different resolutions.
url(accessed on 19 December 2024):—
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Model Name

Description

SAM-Road [142]

Tasks: Road network graph extraction

Contributions: SAM-Road aims to extract a road network graph by
leveraging the inherent strengths of SAM. Probability masks of roads
and intersections are produced by fine-tuning the image encoder of
SAM, and graph topology is predicted by a lightweight
Transformer-based graph neural network.

url(accessed on 19 December 2024):

https:/ / github.com/htcr/sam_road

RSPrompter [143]

Tasks: Instance segmentation

Contributions: RSPrompter learns to produce task-specific prompts,
which help SAM generate semantically discernible segmentation results.
url(accessed on 19 December 2024):

https:/ / github.com/KyanChen/RSPrompter

SAM-CD [145]

Tasks: Change detection

Contributions: SAM-CD adapts FastSAM and a convolutional adaptor to
aggregate the task-oriented change information, and a task-agnostic semantic
learning branch is introduced to utilize semantic representations inherent to
SAM features and model the semantic latent in bi-temporal images.
url(accessed on 19 December 2024):

https:/ /github.com/DingLeil4/SAM-CD

Tree-GPT [146]

Tasks: Image understanding

Contributions: Tree-GPT is a modular LLM expert system for the
forestry remote sensing data. Structured information is extracted from
forest remote sensing images by the automatic or interactive generation
of prompts, and it is used to help SAM generate the optimal tree
segmentation results.

url(accessed on 19 December 2024):—

SAM-EDA [147]

Tasks: Segmentation and domain adaptation

Contributions: SAM-EDA integrates SAM into an unsupervised domain
adaptation segmentation framework. The teacher—assistant model
provides semantic pseudo-labels and guides the student model for
learning.

url(accessed on 19 December 2024):—

TTP [151]

Tasks: Change detection

Contributions: TTP adapts SAM for change detection, where low-rank
fine-tuning is presented to address the domain shift problem, a
time-travel activation gate is utilized to discern inter-image correlation
and a multi-level change prediction head to decode dense semantic
information.

url(accessed on 19 December 2024):

https:/ / github.com/KyanChen/TTP

Semantic-CC [152]

Tasks: Image captioning and VQA

Contributions: Semantic-CC utilizes the latent knowledge of foundation
models to alleviate extensive annotations and harnesses pixel-level
semantics from change detection to guide comprehensive and accurate
change descriptions.

url(accessed on 19 December 2024):—

ALPS [153]

Tasks: Segmentation and annotation

Contributions: ALPS is an innovative auto-labeling framework, and it
leverages SAM to predict precise pseudo-labels without prior
annotations or additional prompts.

url(accessed on 19 December 2024):

https:/ / github.com/StriveZs/ALPS



https://github.com/htcr/sam_road
https://github.com/KyanChen/RSPrompter
https://github.com/DingLei14/SAM-CD
https://github.com/KyanChen/TTP
https://github.com/StriveZs/ALPS

Remote Sens. 2025, 17,179 19 of 30

Table 4. Cont.

Model Name Description

SCD-SAM [154] Tasks: Change detection
Contributions: SCD-SAM combines MobileSAM and CNN to extract
progressive semantic change features in parallel, and a dual decoder
aggregates binary change features and semantic change features to
alleviate the semantic gap across different scales.
url(accessed on 19 December 2024):
https:/ /github.com/yzygit1230/SCD-SAM

RSAM-Seg [155] Tasks: Semantic segmentation
Contributions: RSAM-Seg is a tailored modification of SAM for remote
sensing, where the Adapter-Scale and Adapter-Feature modules aim to
generate image-informed prompts and eliminate manual intervention to
provide prompts for SAM by incorporating high-frequency image
information and image embedding features.
url(accessed on 19 December 2024):
https:/ /chief-byte.github.io/RSAM-Seg-Site

SSRS [156] Tasks: Semantic segmentation
Contributions: SSRS exploits two novel concepts called SAM-Generated
Object (SGO) and SAM-Generated Boundary (SGB) to enhance semantic
segmentation performance, where the object consistency aims to
leverage segmented regions lacking semantic information, and the
boundary preservation loss directs the model’s attention to the object
boundary.
url(accessed on 19 December 2024): https:/ /github.com/sstary/SSRS

Despite the novelties of SAM, the following limitations hinder the application and
need to be addressed in the future [157]: the requirement of strong prior knowledge, less
effectiveness in low-contrast applications, a limited understanding of the professional data,
and smaller and irregular object segmentation. Ren [158] found that SAM is sensitive to
image resolution, and it produces poor performances on some object classes such as roads.

3.2.4. Other Foundation Models

Heterogeneous foundation models for remote sensing are rare. SoundingEarth [62]
exploits the correspondence between co-located images and audio recordings, and it
understands a scene by visual and auditory properties.

It is worth noting that the model size is an important factor in balancing the model
performance and computation efficiency. On the one hand, a larger model will help the
foundation model learn complex and representative features. On the other hand, a larger
model will need more computational resources for training and inference. Generally, the
size of foundation models for remote sensing images varies significantly depending on
the architecture, training data, and specific tasks. Specifically, small-scale models contain
around 20-30 million parameters (e.g., ResNet50-based models), medium-scale models
about 80-100 million parameters (e.g., ViT-Base), and large-scale models over 1 billion
parameters (e.g., ViI-Huge, Swin-Large). For instance, Prithvi [88] is based on ViT-Base
architecture and contains around 100 million parameters; EarthPT [87] is based on ViT-Huge
architecture and contains approximately 700 million parameters; RingMo 3.0 [159] is one of the
largest remote sensing foundation models, and it contains over 10 billion parameters.

4. Discussion
4.1. Open Challenges

Theoretically, foundation models for natural images could be directly applied to
remote sensing images due to their powerful capability of zero-shot or few-shot learning.
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However, due to the significant differences between natural images and remote sensing
images [6], foundation models for remote sensing images face several open challenges, and
there exists a considerable performance gap between remote sensing images and natural
images. Specifically, open challenges lie in the following three aspects:

(1) Data challenges

Data heterogeneity: Due to differences in imaging factors (e.g., imaging platform,
imaging mechanism, and imaging condition), remote sensing data has high variations
concerning modality (i.e., optical images, infrared images, hyperspectral images, and
SAR images), spatial resolution, viewpoint, and so on. The variations hinder the direct
application of foundation models to remote sensing images. For instance, as illustrated by
Figure 5a, kySense performs differently on LEVIR-CD and OS-CD, i.e., 92.58% vs. 60.06%.
The performances are significantly different on homogeneous optical images, let alone
heterogeneous images between optical images and SAR images or hyperspectral images.

Annotation data scarcity: Multiple data modalities (e.g., images, text, and geographic
information) are required to train foundation models. For instance, the availability of
large-scale image—text pairs is crucial for developing a vision-language foundation model.
However, datasets published in the remote sensing domain are less than natural images
and far from practical applications, and obtaining sufficient amounts of high-quality multi-
modal data is challenging due to the complex differences between multi-modal data and
reliable alignment in terms of spatial-temporal dimension and semantical dimension.

Dataset evaluation complexity: To train powerful foundation models, high-quantity
and high-quality requirements are simultaneously important for constructing datasets.
However, it is challenging to evaluate and compare the qualities of different datasets,
and captions about deep understanding and spatial reasoning are more difficult to assess.
Dataset quality is impacted by complex factors, e.g., image quality, imaging condition,
task definition, annotation tool, and annotation experience. The lack of dataset quality
evaluation makes reliable model benchmarks difficult.
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Figure 5. A performance comparison of state-of-the-art foundation models on various datasets and
tasks. (a): Vision foundation models performance comparison; Data from [114]. (b): Vision-language
foundation models performance comparison; Data from [160]. Image-level comprehension contains
five leaf tasks: scene classiffcation (SC), map recognition (MR), image caption (IC), image quality (IQ),
and image modality (IM). Single-instance Identiffcation comprises seven tasks: landmark recognition
(LR), object presence (OP), object localization (OL), object counting (OC), attribute recognition (AR),
visual grounding (VG) and hallucination detection (HD). Cross-instance discernment (CID) consists of
three leaf tasks: attribute comparison (AC), spatial relationship (SR) and change detection (CD). Attribute
reasoning (AttR) includes two key aspects: time property (TP) and physical property (PP). Assessment
reasoning (AssR) contains resource assessment (RA) and environmental assessment (EA). Common
sense reasoning (CSR) consists of three leaf tasks: disaster discrimination (DD), geospatial determination
(GD) and situation inference (SI).
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(2) Model challenges

Model architecture: Due to the significant difference between natural images and
remote sensing images, naive model architectures for natural images are limited for remote
sensing images. In detail, the desired model architecture for remote sensing requires consid-
ering the imaging mechanism, data heterogeneity, physical constraints, and domain-specific
knowledge. Despite the great efforts in developing domain-specific model architecture,
existing foundation models are far from the above expectations, which could be illustrated
by the significant performance gap between natural images and remote sensing images.

Model performance: Foundation models achieved remarkable zero-shot prediction
performances on natural images and image-level comprehension tasks. However, the
performances on remote sensing images and semantic reasoning tasks are far from practical
applications. As illustrated by Figure 5b, foundation models face challenges in addressing
the attribute and assessment reasoning task. Specifically, all models scored below the
random guess level, 50%, and many state-of-the-art models performed below 20%.

Model complexity: Larger model size helps foundation models generate more rep-
resentative features and capture more complex patterns hidden in the data. However,
prohibitive model size requires significant computational resources for training and infer-
ence, and it hinders foundation models for emergent applications (e.g., disaster monitoring,
emergency search and rescue) and resource-limited tasks (e.g., onboard object detection).
In addition, prohibitive model size may be prone to concealing the interpretability of
the model.

Model evaluation: Evaluating different foundation models on a fair and uniform
benchmark is very important. However, a fair evaluation is difficult. On the one hand, the
evaluation is usually impacted by many other factors. For instance, by following the image
resizing and normalization trick in pre-training, significant performance improvements
(e.g., 32.28% on the So2Sat random split dataset and 11.16% on the EuroSAT dataset) could
be achieved on downstream tasks [161]. In this context, reliable cross-domain evaluation is
difficult to perform. On the other hand, a particular image can have several ground-truth
descriptions, but the common evaluation strategies only compare a candidate sentence
with reference sentences. Fair evaluation becomes difficult when consensus is low for
reliable predictions.

(3) Application-specific challenges

Task difficulty: In contrast to object detection on natural images where objects are
well postured, domain-specific task difficulties disturbed remote sensing, such as large
object-size variation (e.g., airplane vs. airport), significant appearance differences caused
by view-angle variation, and the sensor-related features (e.g., radiation feature, scattering
feature, spectral feature, temperature feature). Foundation models will perform poorly if
the above task difficulty is not carefully considered.

Task isolation: In the literature, most foundation models are performed on individual
tasks independently, without considering their potential interactions and dependencies. In
the remote sensing domain, it may lead to suboptimal performance and limited insights
into the model’s capabilities.

Application imbalance: Application imbalance refers to the uneven distribution of
training data and evaluation metrics between different remote sensing applications. For
instance, foundation models mainly focus on certain image types (e.g., optical images),
certain object types (e.g., buildings, roads, airplanes), and other image types (e.g., SAR
images, infrared images, hyperspectral images) and certain object types (e.g., fine-grained
crop and forest classification [59,146,162-164]) are usually ignored. In fact, fine-grained
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crop and forest classification face inherent challenges of feature learning (e.g., low interclass
discrimination and high intraclass difference), and it is worth more in-depth research.

4.2. Future Directions

To address the above challenges, the following directions should be emphasized in
the future.

(1) Multi-modal annotation augmentation

To solve data challenges about annotation quantity, annotation quality, modal consis-
tency and application balance, the multi-modal annotation should be augmented. Con-
sidering the scarcity of high-quality image—text data and the prohibitive cost of manual
captioning, Al-assisted annotations may be interesting. For instance, AIGC helps us gen-
erate variant images from the given captions, and Geochat helps generate captions from
images. Of course, careful validation and correction are mandatory to improve the training
data quality. Considering the semantic consistency between multi-sensor remote sensing
images, annotations can be facilitated by utilizing annotations on optical images and image
registration techniques. In this context, training data construction is essentially the fast
annotation propagation over unchanged regions. In addition, we can take advantage of
other auxiliary data to reduce the annotation labor. For example, land cover products,
geographical location and OpenStreetMap tags could be used for geographical knowledge
to provide supervision or annotation. For reasoning annotation, it is necessary to invite
cognitive scientists and psychologists to reduce the semantic bias.

(2) Domain-specific model architecture

Different from nature images, remote sensing images implicitly hide some geographi-
cal priors, physical constraints and domain knowledge, and it is difficult for the naive foun-
dation model to capture the latent information. In consequence, it is mandatory to develop
foundation models specific to remote sensing domains. In our opinion, physics-constrained
foundation models may be a potential solution. A physics-constrained foundation model is
essentially a neural network architecture that incorporates physical laws (e.g., atmospheric
scattering, radiative transfer, or surface reflectance models) and imaging principles into
the backbone, the loss function, and the training process. This integration allows the
foundation model to learn more accurate and reliable representations of the real world,
where physical processes govern remote sensing data generation. For instance, although
end-to-end networks are powerful in learning complex mapping, however, it is not easy
for them to learn physics-related features from multispectral images, e.g., the normalized
difference vegetation index (NDVI), the normalized difference water index (NDWI), the
normalized difference soil index (NDSI), and non-homogeneous feature difference (NHFD).
In other words, adding a remote-sensing-specific imaging model or prior knowledge to the
foundation model will help improve the feature discrimination and model interpretation.

(3) Cognition-informed model enhancement

Cognition-informed foundation models for remote sensing involve a multi-faceted
approach, combining foundation models with principles of human cognition (e.g., hierar-
chical learning, attention mechanisms, contextual understanding) and symbolic reasoning
(e.g., knowledge graphs, causal inference). One important future task is to enhance the
vision encoder, since the poor performance of foundation models mainly stems from visual
incapability [165]. i.e., the gap between CLIP-based visual embeddings and vision-only
self-supervised learning. In fact, the vision encoder is more challenging when considering
the complexities of remote sensing data, and a cognition-driven vision encoder is expected
to address the above limitations.
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(4) Domain adaptation

Domain adaptation aims to improve the model’s versatility by adapting foundation
models to different remote sensing domains, such as multi-sensor, multi-resolution, and
multi-temporal images. This involves transferring knowledge from a source domain (e.g.,
low-resolution satellite images) to a target domain (e.g., high-resolution UAV images). How-
ever, the following factors make domain adaptation challenging, the significant domain
gap between different modalities, the scarcity of labeled data in many domains, and the
expensive computational cost for large-scale datasets. To address these challenges, future
research directions include unsupervised domain adaptation (i.e., developing techniques
that can adapt models without requiring labeled target domain data), self-supervised
learning (leveraging self-supervised learning to learn domain-invariant representations),
meta-learning (training models that can quickly adapt to new domains with limited data),
hybrid approaches (combining multiple domain adaptation techniques to achieve optimal
performance), and continual learning (enabling models to learn continuously from data
streams without forgetting previously acquired knowledge).

(5) Multi-task cooperative learning

Multi-task cooperative learning is a machine learning paradigm where multiple tasks
are trained simultaneously, sharing information and improving each other’s performance.
For foundation models and remote sensing, multi-task cooperative learning can signifi-
cantly enhance the model’s ability to generalize to different tasks and data distributions.
However, it is difficult to identify the appropriate relationships between different tasks,
potentially resulting in bias in the model’s learning process caused by data imbalance and
expensive computational cost for training large-scale foundation models on multiple tasks.
In the future, more efforts should be made to solve the above challenges by shared repre-
sentation learning (shared encoder and task-specific decoders) and hierarchical multi-task
learning (hierarchical task structure or progressive learning).

(6) Adaptive prompt learning

Adaptive prompt learning involves dynamically adjusting prompts to guide the
behavior of foundation models. In remote sensing, it is particularly useful for tailoring the
model’s output to specific tasks and data characteristics. For instance, adaptive prompt
learning can be improved by data-driven adaptation (i.e., adjusting the prompt based
on the characteristics of the input data, such as image resolution, spectral bands, and
noise levels.), task-driven adaptation (tailoring the prompt to the specific task, such as
classification, segmentation, or object detection), and user-driven adaptation (i.e., allowing
users to provide feedback to the model, which can be used to refine the prompt).

(7) Model evaluation

Evaluating the performance of foundation models on remote sensing images presents
unique challenges due to the complex nature of the data and the diverse range of tasks
involved. These challenges can be solved by constructing robust benchmark datasets that
cover various remote sensing scenarios and developing advanced evaluation techniques.
For instance, human-in-the-loop evaluation is expected to assess the quality and relevance
of model predictions by incorporating human judgment.

(8) Model compression and optimization

Several methods have been proposed to reduce the size of foundation models, e.g.,
model architecture optimization (model pruning, model quantization, knowledge distil-
lation) [166,167], hardware-optimized implementations by GPUs and TPUs [168], model
compression techniques (e.g., parameter sharing, low-rank decomposition, sparse neural
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networks) [169]. However, for some emergent applications such as onboard object detec-
tion, storage resources and computation resources are extremely limited, and lightweight
foundation models must be studied, e.g., CNN-based foundation models [89], binary
foundation models [170].

In short, researchers from different domains should enhance collaborations to solve
the above challenges in the Al domain, the remote sensing domain, and the cognitive
psychology domain.

5. Conclusions

Foundation models have become a hot topic in the remote sensing field, and they
have initially shown promising signs in various remote sensing tasks. However, the
essential differences between remote sensing images and natural images make the general
foundation model limited for remote sensing images. This paper starts with a review of the
common techniques of foundation models, and then a systematic review of remote sensing
foundation models is conducted. The limitations of current techniques, as well as future
directions, are discussed for future developments.
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