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mantic distribution within a single RS image. In this work,
we present SkySense V2, a unified MM-RSFM that employs
a single transformer backbone to handle multiple modali-
ties. This backbone is pre-trained with a novel SSL strat-
egy tailored to the distinct traits of RS data. In particu-
lar, SkySense V2 incorporates an innovative adaptive patch
merging module and learnable modality prompt tokens to
address challenges related to varying resolutions and lim-
ited feature diversity across modalities. In additional, we
incorporate the mixture of experts (MoE) module to fur-
ther enhance the performance of the foundation model.
SkySense V2 demonstrates impressive generalization abil-
ities through an extensive evaluation involving 16 datasets
over 7 tasks, outperforming SkySense by an average of 1.8
points.

1. Introduction

Advancements in multi-modal remote sensing foundation
models (MM-RSFM) have significantly enhanced the uti-
lization of remote sensing (RS) data across numerous Earth
observation (EO) applications[5, 10, 36, 65], such as envi-
ronmental monitoring, agriculture management, natural dis-
aster response, land cover (or use) mapping efc. Recently,
Guo et al. introduced SkySense [20], the largest MM-
RSFM to date. SkySense has demonstrated impressive gen-
eralization capabilities through extensive evaluations across
many different tasks. A key factor in its success is the si-
multaneous training of geographically aligned multi-modal
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Figure 1. SkySense V2 has achieved superior performance on 16
datasets over 7 distinct tasks compared with its predecessor Sky-
Sense and supports a board range of tasks.

and multi-temporal RS data. To accommodate the varying
resolutions of different modalities, SkySense employs the
Swin Transformer [31] for processing high-resolution (HR)
optical images, while using the Vision Transformer (ViT)
[16] for medium-resolution multi-spectral (MS) data and
synthetic aperture radar (SAR) data. However, this separate
backbone design results in redundancy and inefficient use
of parameters. On the other hand, SkySense’s pre-training
approach is primarily based on DINOv2 [42], renowned for
its efficiency in self-supervised learning (SSL). Although it
has demonstrated strong performance with RS images, there
remains considerable room for improvement by adequately
accommodating the involved semantic distribution within a
single RS image.

In this paper, we introduce SkySense V2, an advanced
MM-RSFM pre-trained through a novel SSL approach tai-
lored to the distinctive traits of RS data. To be specific,
SkySense V2 leverages a unified transformer backbone ca-
pable of processing data across diverse modalities and res-
olutions. It is pre-trained using a new SSL strategy that
utilizes query-based attention to gather the similar semantic
features distributed in different regions of RS images.



Designing a unified backbone for geographically aligned
multi-modal data presents two primary challenges. The first
is processing feature resolutions across data with varying
ground sample distance (GSD) during simultaneous pre-
training of multiple modalities. To address this challenge,
we introduce an innovative Adaptive Patch Merging (APM)
module, which is integrated after each stage of the unified
backbone. This module determines whether to reduce fea-
ture resolution according to the specific feature resolution
requirements of each modality. For instance, when deal-
ing with HR optical images, the APM module activates res-
olution reduction at each stage. In contrast, for medium-
resolution data, such as MS and SAR data, the feature res-
olution is preserved throughout the stages. This design en-
ables the backbone to efficiently process data of different
resolutions while adapting output feature resolutions ac-
cording to actual requirements, which is crucial for the joint
training and fusion of multi-modal features.

The second challenge is that fully sharing parameters
across the different modalities can reduce the feature di-
versity. To address this, inspired by the work of [14] and
[26], we introduce learnable modality prompt tokens for
each modality. By interacting with these individual modal
prompt tokens through an attention mechanism, the pre-
trained model can capture the unique characteristics of each
modality better. Compared to SkySense, our unified design
significantly enhances the efficiency of parameter utiliza-
tion. To be specific, SkySense uses three separate back-
bones, Swin-H for HR optical data, ViT-L for MS data,
and VIiT-L for SAR data, collectively totaling 1.26 bil-
lion parameters. In contrast, SkySense V2’s unified trans-
former backbone is capable of simultaneously processing
all three modalities while utilizing only 665 million param-
eters. This efficient use of parameters not only optimizes
the architecture but also allows for potential model scal-
ing to further boost performance. Therefore, we integrate
the mixture of experts module [24], a technique commonly
used in various large language models [17, 45, 68] to further
enhance the performance of the foundation model.

To effectively adapt SSL techniques developed for nat-
ural images to the pre-training of RSFM, it is essential to
consider the distinct differences in data characteristics. Nat-
ural images typically feature a single, clear subject, such as
a cat, dog, or person. In contrast, RS images comprise mul-
tiple subjects distributed across various regions of the im-
age. For instance, as illustrated in Figure 2, one section of
an RS image may show a , while other areas might
show a forest, pond, or land. Current SSL methods perform
contrastive learning directly between different views using
various augmented crops, which is effective for natural im-
ages due to their singular focus. However, when applied to
RS images, this approach can result in semantic inaccura-
cies, as different views may capture different subjects. For
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Figure 2. Comparison of different augmented views from natural
and RS images in SSL. Natural image views often concentrate on
a singular subject, such as a ”dog”. RS image views encompass a
variety of subjects, including building, forest, pond, and land.

example, in Figure 2b, view 1 of the RS image primarily
contains , whereas view 2 shows forest and pond.

To tackle this challenge, we propose a novel ap-
proach called Query-based Semantic Aggregation Con-
trastive Learning (QSACL). This method employs multiple
learnable queries to perform cross-attention with features
from different views, generating semantically aggregated
features. We then apply contrastive learning to these ag-
gregated features pairs derived from the same query. As
demonstrated in Figure 9 from our ablation study, utilizing
different queries can aggregate consistent semantic features
across multiple views, which enhances the accuracy of con-
trastive learning.

We evaluated SkySense V2 on a diverse set of 16 datasets
[8, 11-13, 15, 19, 27, 48, 51, 53, 59, 61], covering a range
of task types, modalities, and spatial scales. As illus-
trated in Figure 1, SkySense V2 demonstrates substantial
improvements in performance over its predecessor, Sky-
Sense, achieving state-of-the-art (SOTA) results across vari-
ous modalities of EO tasks. The experimental results across
all test scenarios highlight its competitive advantage over
existing RSFMs in a wide array of EO interpretation tasks.

2. Related Work

2.1. Remote Sensing Foundation Model

RSFMs are characterized by their ability to leverage vast
amounts of data through self-supervised learning (SSL)
technologies, enabling them to learn robust feature repre-
sentations without the need for extensive annotations. The
predominant RSFMs utilize Contrastive Learning (CL) or
Masked Image Modeling (MIM). Typical works in CL in-
clude RS-BYOL [25], GASSL [64], DINO-MC [58], SeCo
[38], and CACo [37]. Other research efforts focus on en-
hancing MIM framework, such as RingMo [50], S2MAE
[29], MA3E [30], SatMAE [13], and SatMAE++ [41]. Ad-
ditionally, studies like CMID [40] and GFM [39] explore
the intersection of CL and MIM through a self-distillation



approach. Recently, Guo et al. introduced a comprehen-
sive MM-RSFM known as SkySense [20], which features a
factorized multi-modal spatiotemporal encoder. This archi-
tecture facilitates independent spatial feature extraction and
multi-modal temporal fusion. As the largest MM-RSFM to
date, SkySense exhibits exceptional generalization capabil-
ities across a wide range of RS datasets. However, it does
face a challenge: the inefficient utilization of parameters
due to the separate backbone designs for different modali-
ties. In this work, we propose SkySense V2 to address this
issue by employing a unified transformer backbone design.

2.2. Unified Framework for Multi-modal Learning

Multi-modal learning aims to train models that effectively
process and relate information from various modalities.
Substantial advancements have been made in this field,
culminating in numerous studies focused on creating uni-
fied networks for the integration and processing of diverse
modalities. The main work includes VLMO [46], Meta-
Transformer [66], Uni-Perceiver [67], and UniTR [21], etc.
There are several methods that utilize a unified backbone
design for multi-modal RS data. For example, OFA-Net
[63] pre-trains a single transformer backbone on a curated
multi-modal dataset using MIM. Han et al. proposed a
RSFM called msGFM[22], which utilizes a shared trans-
former encoder while employing different decoders for each
modality. In contrast to our approach, both OFA-Net and
msGFM simply share all of parameters of backbone and
learn feature representations for multi-modal data sepa-
rately, which results in a lack of geographical alignment and
fusion between features from different modalities. AnySat
[2] employs a joint embedding predictive architecture for
a multi-modal model, training a single model on heteroge-
neous data in a SSL manner. However, the backbone design
and SSL pre-training methods of our SkySense V2 differ
significantly from AnySat.

3. SkySense V2

3.1. Model Architecture
3.1.1. Unified Transformer Backbone

As illustrated in Figure 3, our unified transformer back-
bone is a hierarchical encoder structure with four stages.
In the first two stages, we employ Swin Transformer V2
Blocks (SwinV2B) [32] to incorporate essential visual
priors, such as locality and translation invariance. The
window-based self-attention mechanisms in SwinV2B also
help reduce computational complexity compared to global
self-attention, particularly given the high spatial resolution
of features in these initial stages. In the last two stages,
we utilize vanilla Transformer Blocks (TB) [16] for two
main reasons: First, the spatial resolution of features in
these stages is relatively low, making the computational
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Figure 3. Overview of the unified transformer backbone model in
SkySense V2: The entire backbone shares all parameters across
different modalities, with the exception of distinct tokenizers.

costs of global self-attention more manageable. Second,
our ablation study demonstrates that global self-attention
can be complementary to window-based self-attention, en-
abling the model to achieve stronger representations.
Given a group of multi-modal inputs consisting of a
high-resolution optical image xppr, multi-spectral data
s, and synthetic aperture radar data xg4r Where each
‘pixel’ in the different modalities is naturally aligned by
geo-location, we employ three distinct tokenizers to process
these inputs into tokens. In each tokenizer, the input data
is first divided into non-overlapping 4 x 4 patches. Sub-
sequently, a linear embedding layer is applied to this raw,
patched data to project it into patch tokens. Subsequently,
four stages of either SwinV2B or TB, with shared parame-
ters across modalities, are applied to these patch tokens.
Due to the varying GSD of satellite sensors across dif-
ferent modalities, input data corresponding to the same re-
gion at specific geo-locations during joint aligned training
exhibit differing spatial resolutions. To harmonize these
spatial resolutions for tokens from various modalities, we
propose Adaptive Patch Merging (APM) and utilize it to
selectively reduce spatial resolution at each stage, except
for Stage 1. Specifically, for the tokens of optical image
data with high spatial resolution, APM concatenates the fea-
tures from groups of 2 x 2 neighboring patches and applies
a linear layer to the 4c-dimensional concatenated features.
This process reduces the number of tokens by a factor of
2x2 = 4 downsampling of spatial resolution, while the out-
put dimension is set to 2¢. In contrast, for the tokens of MS
and SAR data with lower spatial resolution, APM maintains
the resolution by applying a linear projection with averaging
the weights across the input dimensions. By integrating the
APM module, our unified backbone can efficiently process
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Figure 4. The illustration of modality-specific prompt tokens
added to the unified backbone.

multi-modal data with varying resolutions while maintain-
ing the spatial alignment of features across modalities

3.1.2. Modality-specific Prompt Tokens

Our unified transformer backbone utilizes fully shared pa-
rameters across different modalities. To enhance feature di-
versity, we introduce learnable modality-specific prompt to-
kens for each modality. By interacting with these individual
modal prompt tokens through an attention mechanism, the
pre-trained model can better capture the unique characteris-
tics of each modality. As illustrated in Figure 4, we incor-
porate N learnable prompt tokens for each modality in the
last two stages. We denote the input tokens of each stage as
E} € Rhawixei j € {HR,MS,SAR},j € {3,4}, where
h; and w; are the height and width of the spatial resolution
at stage j, while c¢; refers to the dimension of the tokens.
For each modality ¢, we insert the modality-specific learn-
able prompt tokens P/ € R™*¢ into the input of the first
block in j-th stage ;. At the last block of each stage, these
prompt tokens are discarded. The entire process can be for-
mulated as:

[Earop, Bi] = F3([P}, E7)),

Farop B7] = Fi([P, BY]). W
Here, Eg0p denotes the discarded tokens, and E2*! repre-
sents the final output tokens of backbone. Our design of
modality-specific prompts enhances feature diversity while
maintaining full parameter sharing by incorporating only a
small number of modality-specific parameters.

3.1.3. Scaling Up Model Capacity

Our unified backbone design across various modalities sig-
nificantly enhances parameter utilization efficiency. To fur-
ther boost the model’s capabilities, we integrate a Mixture
of Experts (MoE) [24] into the backbone network. We
choose MoE instead of simply increasing the backbone’s
width and depth because MoE enables models to be pre-
trained with substantially less computation by leveraging
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sparse feed-forward layers (i.e., experts) for individual to-
kens. Following common approaches [33, 60], we insert
MOoE modules into the last L transformer blocks, replac-
ing the original feed-forward network (FFN) layers. Each
MOoE module consists of M experts (denoted as &;(-),i =
1,2,..., M), which share the same structure as the FFN and
operate as independent networks. For the gating network
in MoE, we employ a learnable linear layer followed by
a Softmax function, G(x) = Softmaxz(Wzx) , where W
is the gating parameter. Finally, the output of the MoE is
computed as a linear combination of the outputs from the
selected experts, weighted by the corresponding gate val-
ues. This process is formulated as follows:

MOE(x) = Zgi(w) - Ei(z),

€T

2

T represent the set of the top-k indices. In our SkySense
V2 backbone, we set L = 6, M = 8,and k = 1.

3.2. Overall Pre-training Pipeline

Figure 5 provides an overview of our pre-training proce-
dure. The pre-training framework of SkySense V2 primar-
ily adopts the teacher-student architecture from SkySense
[20], where the teacher network’s parameters are updated
using an exponential moving average (EMA) [42] of the stu-
dent network’s parameters. To train SkySense V2, we em-
ploy the Multi-Granularity Contrastive Learning (MGCL)
loss Laracor as proposed in SkySense. For each modality,
MGCL utilizes contrastive loss [42] to align the represen-
tations of teacher and student networks at pixel, object and
image-level granularity, respectively. Additionally, we in-
corporate the unsupervised Geo-Context Prototype Learn-
ing (GCPL), as validated in SkySense, to enhance the learn-
ing of complementary regional context clues, aiding down-
stream tasks. To further enhance dense interpretation ca-
pabilities, we introduce an auxiliary supervision loss L7 4
to employ dense Image-Text Alignment (ITA) according to
OpenStreetMap (OSM) labels'. Detailed implementations
of MGCL, GCPL, and ITA are included in the Appendix A.
In following paragraph, we will focus on proposed query-
based semantic aggregation contrastive learning (QSACL).

Query-based Semantic Aggregation Contrastive Learn-
ing. QSACL utilizes learnable queries to aggregate sim-
ilar semantics across different regions of images, enabling
more accurate contrastive learning. Given features g1, g2
from two global views and [y, o, ..., from n local views
(where g and [ denotes the fused features Fy,s from global
and local view), we employ a transformer decoder layer
to perform cross-attention between m learnable queries
41,92, --., ¢m and the feature sets g and [. This process gen-
erates sets of globally and locally aggregated features set

Uhttps://www.openstreetmap.org/



Unified
Transformer
Encoder

Unified
Transformer
Encoder

—>

Spatially Aligned
Multi-Modal Data

\
|
|
|
!
|
|

T

§ i

|

\) 1

Transformer E :
Decoder Layer § !
s

|

4 .

|

!

|

H i Loc !

\ |

. << EMA> QSACL ,
~ 1 !
l learnable queries 3 1
|

Fa  § |

m E

. |

g z

O 5

N 1

m S

N |

g !

N

|

|

|

|

1

Figure 5. Overview of the SkySense V2 pre-training pipeline. The SkySense V2 employs data augmentations on multi-modal inputs, which
are then fed into both the student and teacher networks. The pre-training process incorporates Multi-Granularity Contrastive Learning,
Dense Image-Text Alignment, and Query-based Semantic Aggregation Contrastive Learning to effectively train the network. Once pre-
training is complete, the parameters from the teacher branch are utilized for downstream applications.

zJ and 2! for each i = 1,2,...m. As is shown in Figure
6, we use superscript / denotes features from the teacher
network, the QSACL loss Lgsacr, is computed by averag-
ing the loss L, of aggregation features between local and
global views for each query:

m

Y (Len(# 2 + Lon(= ), ()

i=1

1

C =
QSACL = 5—

Lop(z,a') = —H(w)log(H'(2')). )

Here, H and H’ denotes the learning head and correspond-
ing EMA part as defined in[6]. The overall training objec-
tive is the weighted sum of Ly/qacr, Lir4a, and LosacrL,
ie.,

L=MNLyger + X Lrra+ A3Losacr-

®)

g : features of global view
v \ 1 : features of local view
Tr::;?:fl‘:;er : Tr:ne:fc::;er - z: ;z:[l:‘l:;iscul]y aggregated
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Figure 6. Computation pipelines for QSACL with multi-crop aug-
mentation (2 global and n local views).
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4. Experiments

Following SkySense [20], we conducted experiments on 16
datasets across various modalities and tasks to thoroughly
evaluate SkySense V2. The applications of pre-trained Sky-
Sense V2 to diverse tasks are detailed in Appendix B. Each
module is engineered for combined or individual use, pro-
viding the flexibility to be frozen or fine-tuned as needed.

4.1. Pre-training Implementation

Training Datasets. We use the same training dataset of
SkySense [20] to train SkySense V2. This extensive dataset
comprises approximately 21 million multi-modal RS im-
agery sets. Each set comprises three components: a high-
resolution optical RGB image of spatial dimension 2048 X
2048, a sequence of Sentinel-2 (S2) multi-spectral (MS)
images with 10 spectral bands and spatial dimensions of
64 x 64 (average sequence length of 65 images), and a se-
quence of Sentinel-1 (S1) synthetic aperture radar (SAR)
images with 2 bands, also having spatial dimensions of
64 x 64 (average sequence length of 10 images). In each
training iteration, we randomly sample 10 S2 images and 5
S1 images of different time series to accommodate the GPU
memory constraints.

Setting of Unified Backbone. We initially set the token
dimension to C' = 352. In the first two stages, the win-



dow size for the Swin Transformer V2 Blocks (SwinV2B)
is configured to 8. Each head has a query dimension of
32, and each MLP layer consists of two full-connected lay-
ers with dimensions expanding by a factor of 4 consistently
across all blocks within the unified backbone. Prompt to-
kens are incorporated during the last two stages, with the
number of prompt tokens being the same for each modality.
We allocate 4 prompt tokens for stage-3 and stage-4.

Pre-training Settings. SkySense V2 is trained using a
batch size of 1024, distributed across 128 H20 GPUs. The
model undergoes a total of 600k iterations, utilizing the
AdamW optimizer [35]. The learning rate is initially set
to 2 x 10~* and decays to 1 x 10~ following a cosine an-
nealing schedule [34]. Additional implementation details
can be found in the Appendix C.

4.2. Single-Modal Tasks

We evaluate SkySense V2 on four common single-modal
RS interpretation tasks: scene classification, object detec-
tion, semantic segmentation, and change detection. The ex-
periments are conducted via fine-tuning a pre-trained Sky-
Sense V2 backbone along with a task-specific head. Further
implementation details can be found in the Appendix D.

Scene Classification. In Table 1, we report the perfor-
mance of scene classification on four widely used datasets:
AID [61] and RESISC-45 [11], both featuring static RGB
optical images; BEN-S2 [48], which includes static MS im-
ages; and fMoW-S2 [13], which contains temporal MS im-
ages. For each dataset, the performance is evaluated us-
ing different training ratios (TR) following the methodol-
ogy [13, 38]. In our experiments, we employ a simple linear
classifier as the classification head. For multi-label datasets,
we use the mean average precision (mAP) as the evalu-
ation metric, whereas for single-label datasets, we report
the overall accuracy (OA). As illustrated in Table 1, Sky-
Sense V2 consistently outperforms previous RSFMs across
various datasets and training configurations, particularly in
low TR settings. This demonstrates that SkySense V2 ex-
hibits a stronger representation capability compared to other
RSFMs, including its predecessor, SkySense [20].

Semantic Segmentation. In Table 2a, we report the seg-
mentation results from four representative semantic seg-
mentation datasets: iSAID [59] and Potsdam [47] for high-
resolution optical image segmentation, and Dyna.-Pla [53]
and Dyna.-S2 [53] for multi-spectral and multi-temporal
image segmentation. Following previous work, we use the
mean F1-score (mF1) as the evaluation metric for the Pots-
dam dataset. While for the other datasets, we report the
mean intersection over union (mloU). All segmentation ex-
periments employ the UperNet [62] as the decoder head.
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Models Single-label Multi-label Temporal
AID RESISC-45 BEN-S2 fMoW-S2
(TR=20%/50%) ~ (TR=10%/20%)  (TR=10%/100%) (TR=100%)
OA OA mAP Top-1/5 Acc
GASSL [3] 93.55/95.92  90.86/93.06  79.24/87.40  50.69/77.99
SeCo [38] 93.47/95.99  89.64/92.91  82.62/87.81  51.65/77.40
SatMAE [13] 95.02/96.94  91.72/94.10  86.18/89.50 63.84/-
RingMo [50] 96.90/98.34  94.25/95.67 - -
RVSA [55] 97.03/98.50  93.93/95.69 - -
DINO-MC [58] - - 84.20/88.75  60.16/83.49
TOV [52] 95.16/97.09  90.97/93.79 - -
SSLA4EO [57] 91.06/94.74  87.60/91.27 87.10/91.80  51.70/76.77
CMID [40] 96.11/97.79  94.05/95.53 - -
CACo [37] 90.88/95.05 88.28/91.94 81.30/87.00  50.72/76.31
CROMA [18] - - 88.29/- 63.59/-
SatLas [4] 94.96/97.38  92.16/94.70  82.80/88.37  57.95/79.00
GFM [39] 95.47/97.09  92.73/94.64 86.30/- -
Scale-MAE [43]  96.44/97.58 92.63/95.04 -
MAZ3E [30] -/99.04 -/96.23 - -
SatMAE++ [41] - -/97.48 85.11/- 63.23/-
SkySense [20] 97.68/98.60 94.85/96.32  88.67/92.09  64.38/87.27
SkySense V2 98.34/99.05  96.42/97.24  89.13/93.78  66.65/89.32

Table 1. Scene classification results. - means the task is not sup-
ported or the value is unavailable in the paper.

As illustrated in Table 2a, our SkySense V2 achieve higher
performance than recent RSFMs across all four datasets.
Specifically, compared to the previous SOTA method Sky-
Sense [20], SkySense V2 achieves 1.5% higher perfor-
mance on average.

Horizontal & Oriented Object Detection. We utilize the
DIOR dataset [27] to evaluate SkySense V2’s performance
in horizontal object detection, while utilizing the DIOR-R
[12] and FAIRIM [51] datasets for oriented object detec-
tion. These datasets only consist of RGB RS imagery. Con-
sistent with previous research [20], we adopt Faster R-CNN
[44] and Oriented R-CNN [28] as the basic detectors for
horizontal and oriented object detection, respectively. As
reported in Table 2b, our SkySense V2 outperforms previ-
ous RSFMs by a notable margin. Specifically, SkySense V2
surpass the previous SOTA, SkySense [20], by an average
of 1.1% mAP.

Change Detection. For change detection, we conducted
experiments on LEVIR-CD [8], OSCD [15] and Dyna.-S2
[53] datasets. Since LEVIR-CD and OSCD datasets only
contain binary change detection results, we use the basic
change detector in [9] and report the F1 score as the evalu-
ation metric. While Dyna.-S2 focuses on semantic change
detection, we use UperNet [62] as the segmentation network
and calculate the semantic change detection score (SCS) on
validation and test set following [20]. As presented in Ta-
ble 2c, SkySense V2 consistently achieves higher perfor-
mance than the previous SOTA method SkySense on all 3
datasets, and surpasses SkySense by 2.7% on average. Par-
ticularly, on the OSCD dataset, our SkySense V2 remark-



Models Publication Dyna.-Pla. iSAID Potsdam Dyna.-S2  Models Horizontal Oriented Models LEVIR.CD OSCD Dyna.S2
mioU  mloU mFl  mloU DIOR DIOR-R FAIRIM l P—
GASSL [3] ICCV'21  34.0/40.8 6595 9127 28.1/41.0 mAPs, mAP  mAP
SeCo [38] ICCV°21 _ 5720 8903 294/39.8 0 GASSL [3] 78.19 4626 13.6/16.7
SatMAE [13] NIPS'22  32.8/39.9 62.97 90.63 30.1/38.7 GASSL[3] 6740 6565 4815  SeCol3s] 90.14  47.67 13.9/16.0
RingMo [50] TGRS’22 - 6720 91.27 . SatMAE [13] 7089  65.66  46.55 SatMAE [13] 87.65 5276 14.8/16.2
RVSA [55] TGRS22 34.3/44.4 64.49 - - RingMo [50] 75.90 . 46.21 RingMo [50] 91.86 - -
BEM [7] Arxiv'23 - - 92.12 - RVSA [55] 7322 7105 4704  RVSA[SS] - 9086 - -
TOV [52] JSTARS’23 32.1/37.8 66.24 92.03 - BFM [7] - 73.62 . SpectralGPT [23] - 54.29 -
SSL4EO[57]  GRSM'23 35.3/42.1 64.01 91.54 31.8/42.7 TOV[52] 70.16 66.33  49.62 MATTER [1] - 59.37 -
CMID [40] TGRS'23  36.4/43.5 6621 91.86 _ SSL4EO [57] 6482 6123 4937  DINO-MC[58] - 5270 14.5/15.6
CACo [37] CVPR'23  35.4/42.7 6432 9135 30.2/42.5 CMID [40] 7511 6637 5058  SSL4EO[57] 89.05  35.08 12.3/175
SAMRS [56] NIPS’23 - 66.26 91.43 - CACo [37] 66.91 64.10  47.83 CMID [40] 91.72 - -
SatLas [4] ICCV’23  37.4/40.7 68.71 9128 31.9/435 SatLas[4] 7410 6759 4619  CACo[37] 81.04  52.11 15.3/15.8
GFM [39] ICCV’23  36.7/45.6 66.62 91.85 - GEM [39] 7284 6767 4969  Satlas [f] 90.62 - 133/17.8
Scale-MAE [43] ICCV’23  34.0/41.7 6577 91.54 - Scale-MAE [43] 7381 6647 4831  GFM[39] 9173 59.82 -
MAZE [30] ECCV’24 . 64.06  91.50 R MAGSE [30] - 71.82 - Scale-MAE7 [43] 92.07 - -
SkySense [20]  CVPR24 39.7/46.5 7091 93.99 33.1462 SkySense[20] 7873 7427 5457  SkySense[20] 9258  60.06 15.4/18.0
SkySense V2 - 41.2/47.6 71.87 9586 35.2/47.5 SkySense V2 7950 7529 5596  SkySense V2 94.83 6529 16.0/20.7

(a) Semantic segmentation results.

(b) Object detection results.

(c) Change detection results.

Table 2. Results of semantic segmentation, object detection and change detection.

Task & Dataset Data Source SkySense[20] SkySense V2

(i) Planet. 46.5 47.6
(a) Multi-modal Seg: (ii) S2 46.2 47.5
Dyna.-MM (iii) Planet. + S2 47.3 48.7
(iv) Planet. + S2 + S1 47.7 48.9
(i) S2 73.5 75.0
(b) Multi-modal Seg: (ii) S2-Ts 84.6 85.5
PASTIS-MM (iii) S2-Ts+ SI-Ts 84.8 85.6
(iv) S2-Ts + GEP 85.8 86.7
(c) Multi-modal Cls: (i) S1 86.2 86.5
BEN-MM (ii) S2+S1 922 93.8

Table 3. Fine-tuning results on multi-modal tasks.

ably outperform SkySense by 5.2% on F1-score.
4.3. Multi-modal Tasks

In this section, we evaluate SkySense V2 on two representa-
tive multi-modal tasks, i.e., Multi-modal Segmentation and
Multi-modal Scene Classification, to demonstrate its gener-
alization capability across data from various modalities.

Multi-modal Segmentation. In Table 3 (a) and (b), we
present the performance results of Dyna.-MM [53] and
PASTIS-MM [19], respectively. Dyna.-MM contains high-
resolution optical imagery from PlanetFusion (Planet.),
multi-spectral imagery from Sentinel-2 (S2), and SAR im-
agery from Sentinel-1 (S1). For the experiments conducted
on Dyna.-MM, we employ a basic UperNet [62] as the de-
coder head and utilize mIoU as the evaluation metric. As
depicted in Table 3 (a), SkySense V2 consistently outper-
forms the SkySense across various modalities, demonstrat-
ing a stronger representation ability. Furthermore, inte-
grating multiple modalities yields higher performance com-
pared to using a single modality. This results confirms that
the proposed SkySense V2 can effectively extract represen-
tations from diverse modalities using a unified backbone.
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PASTIS-MM is a crop mapping dataset that con-
tains high-resolution optical imagery from Google Earth
Pro (GEP), multi-temporal multi-spectral imagery from
Sentinel-2 (S2-Ts), and multi-spectral SAR imagery from
Sentinel-1 (S1-Ts). We employ a straightforward FCN head
to decode the semantic segmentation results and report the
overall accuracy as the evaluation metric in Table 3 (b). The
results demonstrate that SkySense V2 outperforms the pre-
vious SOTA method SkySense by an average of 1.0%. Ad-
ditionally, it is worth noting that S2-Ts can remarkably im-
prove the segmentation accuracy compared to S2, under-
scoring the importance of temporal information for crop

mapping.

Multi-modal Scene Classification. We conduct multi-
modal scene classification experiments on the BEN-MM
dataset [49]. As is shown in Table 3 (c), the proposed
SkySense V2 surpasses SkySense, demonstrating a stronger
representation ability. Furthermore, by integrating S1 and
S2 imagery, SkySense V2 achieves higher improvements,
highlighting its enhanced ability to extract superior repre-
sentations from different modalities compared to SkySense.

4.4. Ablation and Discussion

Ablation Study of Components. To understand the con-
tributions of each component, we conduct a k-nearest
neighbors (k-NN) evaluation on the AID and RESISC-45
datasets. Figure 7 illustrates the performance of different
component combinations across various pre-training itera-
tions. Notably, the unified backbone design significantly
accelerates representation learning. This is primarily due
to shared parameters across different modalities, which al-
low gradients to aggregate, thereby speeding up conver-
gence. Moreover, the unified design allows the backbone
to be trained with data from different modalities, thereby
enhancing the model’s generalization capabilities (see Ap-
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Figure 7. Ablation study using k-NN classification was conducted
on the AID and RESISC-45 datasets. In this context, the ab-
breviations have the following meanings: GA refers to replacing
window-based self-attention with global self-attention in the last
two stages; MsP involves the addition of modality-specific prompt
tokens; MoE indicates scaling up the model through a mixture
of experts approach; and QSACL means adding additional query-
based semantic aggregation contrastive learning.

pendix F.3 for more details). The results also indicate
that global self-attention complements window-based self-
attention, facilitating improved representations. Addition-
ally, modality-specific prompt tokens and MoE scaling en-
hance representation learning by increasing feature diver-
sity and model capacity, respectively. QSACL enhances
model performance by improving the semantic precision of
features in contrastive learning.

. HROI

(a) w/o modality-specific prompt (b) w/ modality-specific prompt

Figure 8. t-SNE visualization of the output feature representation
from the final block of the unified transformer backbone. HROI,
SARI, and MSI represent the features from high-resolution optical
imagery, synthetic aperture radar imagery, and multi-spectral im-
agery, respectively.

How Do Modality-Specific Prompt Tokens Facilitate
Pre-training? To investigate the impact of modality-
specific prompt (MsP) tokens on the multi-modal pre-
training process within a unified backbone, we employed
t-SNE [54] for visualizing the features corresponding to dif-
ferent modalities. These features are extracted from the last
block of the unified transformer backbone, and the com-
parative results are presented in Figure 8. Without the
use of MsP, the features of high-resolution optical imagery
(HROI) and synthetic aperture radar imagery (SARI) ap-
pear closely clustered, leading to overlapping feature distri-
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butions. However, with the inclusion of MsP, the features
of HROI and SARI become distinctly separable. These

visualization outcomes clearly demonstrate that MsP ef-
fectively enhances feature diversity and imparts modality-
specific characteristics.

focus on pond l ilding

Figure 9. Visualization of cross-attention weights for features
patch corresponding to different queries in QSACL. Queries can
effectively aggregate features with specific semantics.

What Types of Features Does Query-based Semantic
Aggregation Contrastive Learning Capture? To pro-
vide a clearer understanding of our proposed QSACL, we
visualize the attention weights assigned to different features
during their interaction with certain query, as illustrated in
Figure 9. During pre-training, we use two global augmen-
tation crops and six local augmentation crops. Here, we
present two distinct queries, each focusing on different se-
mantic features of image patches. For example, one query
focuses on features with building semantics (left part of the
first row in Figure 9), while another focuses on features
with land semantics (right part of the first row in Figure
9). The attention weights of different queries aggregate fea-
tures from each patch into distinct feature representations.
Subsequently, we perform contrastive learning between ag-
gregated features from the same query across teacher and
student models. This approach significantly enhances se-
mantic accuracy compared to traditional contrastive learn-
ing applied to entire image features.

5. Conclusion

In this paper, we introduce SkySense V2, a MM-RSFM
that utilizes a unified backbone to accommodate various
modalities. This unified approach enhances parameter uti-
lization efficiency and improves the model’s generaliza-
tion ability. SkySense V2 is pre-trained with an innova-
tive QSACL strategy, specifically designed to leverage the
unique characteristics of RS images. As a result, Sky-
Sense V2 significantly boosts performance while maintain-
ing the multi-modal flexibility benefits of its predecessor,
SkySense. Looking ahead, our future work will focus on
integrating the language modality and incorporating a geo-
graphical knowledge graph to develop a more powerful and
versatile MM-RSFM.
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