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Abstract

From optical sensors to microwave radars, leveraging the
complementary strengths of remote sensing (RS) sensors
is crucial for achieving dense spatio-temporal monitoring
of our planet. In contrast, recent deep learning models,
whether task-specific or foundational, are often specific to
single sensors or to fixed combinations: adapting such mod-
els to different sensory inputs requires both architectural
changes and re-training, limiting scalability and general-
ization across multiple RS sensors. On the contrary, a single
model able to modulate its feature representations to accept
diverse sensors as input would pave the way to agile and
flexible multi-sensor RS data processing. To address this,
we introduce SMARTIES, a generic and versatile founda-
tion model lifting sensor-specific/dependent efforts and en-
abling scalability and generalization to diverse RS sensors:
SMARTIES projects data from heterogeneous sensors into a
shared spectrum-aware space, enabling the use of arbitrary
combinations of bands both for training and inference. To
obtain sensor-agnostic representations, we train a single,
unified transformer model reconstructing masked multi-
sensor data with cross-sensor token mixup. On both single-
and multi-modal tasks across diverse sensors, SMARTIES
outperforms previous models that rely on sensor-specific
pretraining. Our code and pretrained models are available
at https://gsumbul.github.io/SMARTIES.

1. Introduction
Every day, a vast number of airborne and spaceborne sen-
sors generate tens of terabytes of remote sensing (RS) data,
empowering Earth observation [7] (Fig. 1a). Unlike RGB
natural images, RS data spans a wide spectrum of wave-
lengths captured by diverse sensors from RGB visible light,
through infrared frequencies and all the way to Microwaves
(Fig. 1b). RS sensors capture electromagnetic radiation at
different frequencies: optical sensors capture (very) high-
resolution images mostly in the visible and infrared spec-
trum, offering rich semantic details, but limited by clouds
and daylight; synthetic aperture radars (SAR) are active

(a)

(b)

Figure 1. (a) An example of RGB, multispectral, and SAR images
representative of the different spectral and spatial properties of RS
sensors. (b) The spectral bands’ histograms for each sensor are
shown as probability density function estimations, aligned with the
corresponding wavelength range in the electromagnetic spectrum
(shown in log scale). SMARTIES leverages different projection
layers {f1, f2, . . . , f17} for different spectral ranges that allow a
single, unified model independent from sensors specificities.

sensors that can acquire images day and night and inde-
pendently of weather conditions; thermal sensors measure
the energy emitted directly by objects at the surface and can
be used to estimate surface temperature. The complemen-
tary strengths of these sensors hold the potential for contin-
uous, all-day, and all-weather Earth observation, supporting
a wide range of applications in various fields, e.g., agricul-
ture, climate, hydrology, urban planning [14, 42]. Despite
the wealth of RS sensors, a significant barrier remains: the
lack of unified image representations for multi-modal pro-
cessing of RS data. A significant obstacle to achieve this
goal originates from the highly heterogeneous character-
istics of RS sensors, in terms of spectral range, radiomet-
ric resolution, and spatial resolution: such diversity forced
previous attempts to design restrictive sensor-specific mod-
els [9, 12, 19, 23, 32]. To mitigate this issue, several founda-
tion models (FMs) have been proposed by designing sensor-
specific backbones, leading to an increase in computational
complexity [12, 15, 46]. Adding new sensors at pretrain-
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ing and finetuning would require modifying the architec-
ture with extra backbones, leading to further computational
overhead, and thus limiting the scalability of such models.
Moreover, models trained on a fixed combination of sen-
sors will develop biases towards them, suffering from lim-
ited generalization to unseen sensors.

To address these challenges, we propose a sensor-
agnostic FM named Spectrum-Aware Multi-Sensor Auto-
Encoder for Remote Sensing Images (SMARTIES) that
breaks the representation barriers between sensors1 and en-
ables downstream applications using a single, unified model
across diverse sensors, including unseen sensor transfer ca-
pabilities. To train a single model on heterogeneous sen-
sors efficiently, we unify sensor representations by pro-
jecting data into a shared and divisible space called the
spectrum-aware space. This concept is based on the ob-
servation that, despite the varying spectral ranges, all the
different sensors capture subsets of the full electromagnetic
spectrum with well-defined physical properties: an exam-
ple of three typical RS sensors and of the spectral ranges
of their bands is shown in Fig. 1. Given a specific sensor,
each one of its bands is projected into the spectrum-aware
space by projection layers specific to wavelength ranges (f
in Fig. 1). By representing data with this shared space, we
eliminate the need to train a separate model for each sen-
sor. Moreover, SMARTIES can generalize to unseen sen-
sors during inference by interpolating the learned projec-
tion layers to represent the unseen wavelength ranges when
full finetuning is costly to achieve. Leveraging this uni-
fied representations, we pretrain a transformer model with a
self-supervised objective: we learn with cross-sensor token
mixup on paired multi-sensor data and enforce the model to
reconstruct randomly masked regions of the representations
in the spectrum-aware space. Learning this way, SMAR-
TIES maximizes synergies among diverse sensory inputs,
scaling efficiently to large training datasets with multiple
sensors and enhancing more generalizable representations.

We perform experiments on 10 datasets composed of
various combinations of sensors, all using the same pre-
trained backbone. Results demonstrate the superior per-
formance of SMARTIES on both single- and multi-modal
tasks across diverse sensors, as well as generalization to
new unseen sensors during inference. SMARTIES con-
tributes significantly to literature since: (1) SMARTIES is
a single, unified FM without sensor-specific pretraining or
backbones that can seamlessly tackle diverse sensory in-
puts (both single- and multi-modal). (2) SMARTIES ex-
hibits scalability to diverse sensors with a high pretraining
efficiency. Using a ViT encoder, SMARTIES is pretrained
with only 500K multispectral, SAR and submeter RGB im-
ages and with as little as 300 epochs, showing a smaller

1We focus only on amplitude-related phenomenology for RS sensors
excluding, for instance, phase information recorded by SAR instruments.

computational cost than most RS FMs. (3) SMARTIES
transfers not only to different downstream applications, but
also to new sensors that were not present during pretraining,
demonstrating unprecedented generalization capabilities.

2. Related Work

Self-supervised learning (SSL) in RS has been widely
used to learn general data representations that can be trans-
ferred to various downstream tasks [22, 37, 39, 44]. It al-
lows to reduce the demand of task-specific models and of
labeled data, which are often scarce in RS. Among different
SSL approaches, masked image modelling through masked
autoencoders (MAEs) has recently received increasing at-
tention due to its ability to scale to larger models together
with the increasing amount of training data [17, 24].

Single-modal MAEs have demonstrated to learn rich task-
transferable representations through a SSL strategy: recon-
structing masked parts of images. Several MAE-based FMs
have been proposed in RS: SatMAE [9] embeds tempo-
ral and spectral information as positional encodings during
reconstruction, while SpectralGPT [19] and S2MAE [23]
model the spatial-spectral data as 3D cubes and enforce the
masked reconstruction in the 3D space. Scale-MAE [34]
encodes different spatial scales in positional encodings to
learn robust representations across resolutions. Despite the
task-agnostic strengths, these models trained on a specific
image modality (e.g., multispectral data) struggle to handle
data in others (e.g., SAR data), hampering their usability
and flexibility for multi-modal processing of RS data.

Multi-modal MAEs extend the MAE framework to de-
velop generalizable representations across different modal-
ities. For example, recent computer vision research fo-
cuses on scaling MAE models to accommodate as many im-
age modalities as possible by reconstructing masked multi-
modal tokens [3, 30]. In RS, multi-modal FMs also ben-
efit from MAE-based training [12, 15]. We can identify
two groups of models: first, models that learn dual (e.g.,
CROMA [12]) or triple (e.g., SkySense [15]) modal repre-
sentations with aligned optical and radar sensors; second,
models that learn shared features across multiple modalities
by blending them into massive training data [31, 46]. The
first group of models mostly rely on predefined architectural
designs for a set of sensors with sensor-dependent encoders,
leading to an increase in computational complexity, and
limited generalization towards diverse sensors at pretrain-
ing and downstream transfer. Although the second group
of models can significantly improve generalization across
diverse sensors, they need computationally demanding and
complex adjustments to MAEs (e.g., hypernetwork for dy-
namic weight generation in DOFA [46], sensor encodings
and channel-specific tokens in SenPa-MAE [33]). In addi-
tion, they require massive pretraining sets for learning rep-
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Figure 2. SMARTIES lifts sensor-dependent efforts for multi-sensor RS image representation learning by leveraging: (1) spectrum-aware
RS image projection; (2) cross-sensor token mixup; and (3) spectrum-aware RS image reconstruction. PE and Multisp. denote positional
encoding and multispectral, respectively.

resentations across diverse sensors (8M images for DOFA),
showing lower data efficiency, and thus limited scalability.

To fill these gaps, we propose a unified and versatile
model that can seamlessly handle diverse sensors during
pretraining. Our model can not only transfer to different
downstream tasks on sensors seen during pretraining, but
also generalize to new unseen sensors when full finetuning
is too expensive.

3. SMARTIES
To leverage the multi-sensor nature of RS, we develop a
FM named Spectrum-Aware Multi-Sensor Auto-Encoder
for Remote Sensing Images (SMARTIES) that learns image
representations transferable to diverse sensors. SMARTIES
is designed in a generic way (Fig. 2), so that it can accom-
modate variations in sensor characteristics, data-efficient
for scalable pretraining, and also conceptually simple for
downstream applications. We realize these properties via
the following design decisions:
1. Spectrum-aware RS Image Projection (Sec. 3.1): To deal

with the variation of spectra in different sensors, we
learn spectrum-aware projection layers to tokenize the
RS images. These layers depend on the wavelengths of
the bands, spanning the continuum of the electromag-
netic spectrum covered by RS sensors (Fig. 1 and Fig. 3).

2. Cross-sensor Token Mixup (Sec. 3.2): To mitigate the
bias specific to sensors or spectrum combinations, we
use pairs of aligned images from different sensors as
input, and then exchange their tokens. This leads to
more scalable and generalizable models, easing pretrain-
ing and downstream transfer, respectively.

3. Spectrum-aware RS Image Reconstruction (Sec. 3.3):
We feed the cross-sensor mixed embeddings into a stan-
dard encoder-decoder based transformer, which is easy
to deploy for downstream applications. We reproject the
decoded images back to the original spectral channels of
the RS sensors through spectrum-aware reprojection lay-
ers (Fig. 3). Spatial and spectral reasoning is employed

Figure 3. Spectrum-aware RS image projection and reconstruction
illustrated on a pair of SAR and multispectral patches.

through masked image modelling with SSL.
4. Downstream Transfer to Diverse Sensors (Sec. 3.4):

Thanks to the spectrum-aware image projection and re-
construction, the resulting encoder can generalize to di-
verse sensors by using either the existing projection lay-
ers or adapting them for unseen sensors by interpolation.

3.1. Spectrum-aware RS Image Projection
SMARTIES uses different projection layers for different
spectral ranges, each one defined by the minimum and
maximum wavelengths covered by the corresponding band.
These ranges can cover various parts of the electromagnetic
spectrum (e.g., visible light, near-infrared, short wave in-
frared, microwaves etc.). This strategy makes each projec-
tion layer learn an embedding specific to a certain spectral
range, enforcing physical consistency among embeddings
of different sensors covering similar spectral ranges.

By following the official instrument specifications of
widely used RS sensors, we define a set of spectrum-aware
projection layers F = {f1, f2, ..., fn}, where fi is the map-
ping of the ith spectral range via a fully-connected layer.
Specifically, we associate the spectral range of each band
used in pretraining with a projection layer fi: f1-f12 for
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Sentinel-2 (S2), f13-f15 for RGB images of Maxar, and
f16-f17 for Sentinel-1. For instance, f2 corresponds to the
wavelength range 427nm-558nm of Sentinel-22. For bands
from different sensors capturing the same band, for instance
“red” light, but with different frequency ranges (e.g., S2 vs.
Maxar), we keep separate projection layers. For a given
RS image Ia ∈ RWa×Ha×Ca (Ca is the number of spec-
tral bands), we first resize it into the input size W × H of
the model, and then divide it into a sequence of NP non-
overlapping patches Pa ∈ RNW×NH×S2Ca , where S is the
patch size, NW = W/S, NH = H/S and NP = NWNH .
Each patch pa of the image Ia is then projected to the joint
space using the projection layers {fi} in F corresponding
to its bands, where fi : RS×S → RD (D is the size of
spectrum-aware embeddings). This leads to Ca embeddings
(one per band). For token ta of this patch, all Ca embed-
dings are first averaged, and then scaled up by Cmax = 12,
which is the largest number of spectral bands encountered
during pretraining. This last operation prevents imbalance
between different sensors due to the different number of
bands. The whole process is illustrated in the left panel
of Fig. 3. We note that thanks to this projection strat-
egy, adding new RS sensors to pretraining simply requires
adding new fis for the additional spectral ranges.

3.2. Cross-sensor Token Mixup
Thanks to the spectrum-aware RS image projection,
SMARTIES can operate on RS images acquired by different
sensors with a unified approach. However, this would lead
to bias towards specific sensors or bands combinations that
are more present during pretraining. To alleviate this, we
perform cross-sensor token mixup: (1) we first take as input
a pair of images acquired by different sensors on the same
area, and then (2) we exchange tokens across the images of
a pair using mixup, as shown in Fig. 2. This prevents en-
coding bias towards specific spectral combinations and also
enhances the generalization capability of SMARTIES over
multiple sensors. For a multi-sensor image pair (Ia, Ib),
with tokens Ta ∈ RNW×NH×D and Tb ∈ RNW×NH×D,
we define the mixed image tokens Ta′ as:

Ta′ = M⊙Ta + (1−M)⊙Tb (1)

where M ∈ RNW×NH×D is a randomly generated binary
mask broadcasted along the third dimension. We also per-
form a mirrored mixup to obtain the mirrored version Tb′ of
Ta′ to avoid losing information during the mixup process:

Tb′ = (1−M)⊙Ta +M⊙Tb. (2)

3.3. Spectrum-aware RS Image Reconstruction
For spatial and spectral reasoning, we use a standard
encoder-decoder transformer architecture. Given the lack

2The detailed ranges of projection layers are provided in the Sec. S1.1
of the supplementary material.

of labels and in order to remain scalable, we employ self-
supervised masked image modelling with spectrum-aware
reconstruction. As in the vanilla MAE, we follow the
masking, encoding, decoding, and reconstruction steps.
We would like to remind that the encoder and decoder
of SMARTIES operate independently from the number
of sensors seen during pretraining and also that we do
not use sensor-specific encoders/decoders, since data from
the different sensors are already projected in the common
spectrum-aware space. This allows us to maintain a similar
computational complexity to the vanilla MAE.
Masking. Random masking is applied on both Ta′ and Tb′

with a ratio R. The remaining unmasked tokens are visible
tokens: Tvis

a′ and Tvis
b′ , both of size (1 − R)NWNH × D.

They are fed into the encoder.
Encoding. We use a ViT architecture (e.g., ViT-B, ViT-L
etc.), which processes tokens from Tvis

a′ and Tvis
b′ together

with the special [CLS] token, and provides latent image rep-
resentations for all of them. To encode the relative position-
ing of tokens, we use sinusoidal positional encodings (PE).
Decoding. The decoder receives a hybrid input consisting
of the unmasked tokens and special [MASK] tokens lever-
aged by the positional encodings. The learnable [MASK]
token, along with the positional encodings, is exploited to
decode the masked patches at specific locations.
Reconstruction. After the decoding phase, we reproject
(i.e., reconstruct) the decoded image representations of the
pair back to their original spectral channels, leading to
reconstructed patches P̂a ∈ RNW×NH×S2Ca and P̂b ∈
RNW×NH×S2Cb . Similar to the spectrum-aware projection,
the spectrum-aware reconstruction uses different reprojec-
tion layers for different spectral ranges (i.e., bands). To this
end, we first define a set of fully-connected reprojection lay-
ers R = {r1, r2, ..., rn}, where ri : RD → RS×S is the
remapping function for the ith spectral range. There is one
reprojection layer ri corresponding to each projection layer
fi. For the reconstruction of patch pa from the correspond-
ing decoded token ta, we use ta for each band of the patch,
and apply the corresponding reprojection layers. The over-
all process is illustrated in the right panel of Fig. 3. Once
this is applied for all the decoded tokens, the reconstructed
masked patches P̂mask

a′ , P̂mask
b′ are obtained.

To train our model in a self-supervised way, we use
the Mean Squared Error (MSE) loss between the origi-
nal masked patches Pmask

a′ and the corresponding recon-
structed ones P̂mask

a′ . For Ia′ , the reconstruction loss is:

La′ =

∑
(Pmask

a′ − P̂mask
a′ )2

RNWNH
(3)

where the denominator denotes the number of masked to-
kens. The final reconstruction loss is computed over both
mixed patches sets: L = La′ + Lb′ .
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Figure 4. An example of downstream transfer to an unseen spec-
tral band through interpolation. λc

10 and λc
11 denote the centre

wavelength of the NIR and SWIR bands seen during pretraining;
λc
n denotes the centre wavelength of a new, unseen spectral band.

3.4. Downstream Transfer to Diverse Sensors
After SMARTIES has been pretrained, the learned encoder
and spectrum-aware projection layers can be used for var-
ious downstream tasks (e.g., classification, segmentation)
with RS images from diverse sensors. For downstream
transfer, there can be three main inference modes: (1) in-
domain, seen sensor inference, (2) open-domain, seen sen-
sor inference, and (3) open-domain, unseen sensor infer-
ence (cf. Fig. S1 in the supplementary material). For modes
(1) and (2), since the sensors for the downstream task have
been already seen during pretraining, one needs to select the
relevant projection layers among the already learned ones
for tokenization. On the contrary, for (3) the downstream
transfer uses a sensor unseen during pretraining. This can
be achieved in two ways. First, projection layers for the
missing ranges can be easily learned during downstream
transfer through full finetuning. However, this might not
always be feasible, especially when full finetuning is costly
to achieve. For such cases, as a second way, we apply inter-
polation to unseen spectral ranges via a weighted average of
the result of the closest projection layers. This is illustrated
on a synthetic example in Fig. 4, where an unseen sensor has
a new band with a different spectral range than all sensors
used during pretraining. Since the central wavelength λc

n of
this new band falls between those of learnt layers λc

10 and
λc
11, its token can be obtained by combining the correspond-

ing projection layers f10 and f11, weighted by the normal-
ized distances between the central wavelengths3. However,
we stress that this can: 1) only operate on the unseen ranges
falling inside the minimum and maximum frequencies con-
sidered for pretraining; 2) not work for unseen regions out
of the pretraining spectra (i.e., extrapolation).

4. Experiments
4.1. Pretraining Data
To pretrain SMARTIES, we use paired images from: (1)
the Functional Map of the World RGB dataset (fMoW-

3Projection layer indices refer to Fig. 1b.

RGB) [8] and its Sentinel-2 counterpart fMoW-S2 [9]; and
(2) the BigEarthNet-MM [38] dataset. To reduce the num-
ber of pretraining samples, we randomly selected 60K non-
temporal fMoW pairs and 188K non-temporal BigEarthNet
pairs, constituting a pretraining set of 496K images in to-
tal. This pretraining set is significantly smaller than those
used in recent RS models (see Sec. S2 in the supplementary
material for a detailed comparison).

fMoW pairs represent various land use classes world-
wide. fMoW-RGB [8] includes 470K submeter resolution
RGB images of Maxar. fMoW-S2 [9] includes over 882K
Sentinel-2 images, containing 13 spectral bands with vary-
ing spatial resolutions for different bands (10m, 20m and
60m). The locations and temporal stamps of fMoW-S2 are
mostly aligned with those of fMoW-RGB.

BigEarthNet-MM (BEN) [38] includes over 590K pairs
of multispectral and SAR images; each pair is acquired by
Sentinel-2 and Sentinel-1 satellites on the same geographi-
cal area and associated with multi-labels. BEN-S2 images
contain 12 spectral bands with 10m, 20m and 60m spatial
resolutions, BEN-S1 images include dual-polarized infor-
mation bands (VV and VH) with 10m spatial resolution.

Preprocessing for Data Harmonization is achieved by
first min-max image normalization with 1% and 99% per-
centile values, and then image standardization with mean
and standard deviation values. This allows SMARTIES to
be robust towards data distribution differences across multi-
ple sensors (e.g., long-tailed distribution of 12 bit Sentinel-2
images vs. short-tailed distribution of 8 bit RGB images).

4.2. Experimental Setup

To pretrain SMARTIES, we follow the same architectural
choices and hyperparameters with the vanilla MAE [17],
wherever possible. In detail, we pretrain two models with
ViT-B and ViT-L [11] backbones for 300 epochs, using the
AdamW optimizer [25] with the batch size of 2048 (dis-
tributed over 8 A100 GPUs) and the base learning rate of
1.5e-4. The masking ratio R and the input size W × H
are set to 75% and 224×224, respectively, as in the vanilla
MAE. The mixup ratio is set to 50%, while the size D of
spectrum-aware embeddings is set to 768 and 1024 for ViT-
B and ViT-L, respectively (see Sec. S1.2 in the supplemen-
tary material for the details of pretraining). To assess the
effectiveness of SMARTIES across different sensors, tasks,
and scenarios, we consider the following experiments:
• Multispectral, Radar, and RGB Experiments. We

evaluate the performance of SMARTIES with various
single-modal/multi-modal input (Multispectral, Radar,
and RGB) to investigate its robustness across different
sensors. More specifically, experiments under this group
belong to the following two categories: in-domain,
seen sensor transfer, where performance is assessed on
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Method Backbone
BEN 10%

S1 (LP) S2 (FT) MM (LP)

SeCo [26] RN-50 69.9 82.6 76.9
GASSL [2] RN-50 66.1 80.2 73.2
CACo [27] RN-50 70.1 81.3 78.5
SatMAE (S2) [9] ViT-B 68.4 85.9 77.8
GFM [29] Swin-B 73.6 86.3 82.0
SatLas (S2) [4] Swin-B 60.8 82.8 70.1
I-JEPA [1] ViT-B N/A 85.9 N/A
SpectralGPT [19] ViT-B 57.1 85.6 68.5
S2MAE [23] ViT-B N/A 85.6 N/A
msGFM [16] Swin-B 67.5* 86.8 N/A
SMARTIES (Ours) ViT-B 78.9 86.9 85.4
SatMAE (S2) [9] ViT-L 67.4 82.1 77.6
CROMA [12] ViT-B (×2) 79.8 87.6 85.2
SpectralGPT [19] ViT-L N/A 86.9 N/A
S2MAE [23] ViT-L N/A 86.5 N/A
SatMAE++ (S2) [32] ViT-L 67.6 85.1 78.1
SMARTIES (Ours) ViT-L 80.5 87.7 86.7

Table 1. BEN multi-label scene classification results (mAP) when
linear probing (LP) or finetuning (FT) is applied with 10% of the
training set. N/A indicates not applicable due to the lack of pub-
licly available models. The highest results are written in bold,
while the second best results are underlined. *We report FT result
of msGFM as the LP result is not available in the original paper.

datasets seen during pretraining; open-domain, seen sen-
sor transfer generalization on datasets unseen during
pretraining from known sensors.

• Unseen Sensor Transfer Experiments. In this open-
domain, unseen sensor transfer, we evaluate the gener-
alization capability of SMARTIES on new sensors not
present in the pretraining data.

We try to compare our models with all the existing models
involving similar number of parameters and backbones on
the modality they were designed for (e.g. Scale-MAE on
RGB) to ensure fairness4. Experimental comparison is con-
ducted on the mostly used datasets and tasks of the previous
studies, while following the same evaluation protocol: kNN
(k = 20) classification, linear probing (LP), full finetuning
(FT) and frozen backbone finetuning. We refer reader to
the Sec. S1.3 in the supplementary material for the details
of downstream transfer on each dataset and task.

4.3. Multispectral, Radar, and RGB Experiments
BigEarthNet. In Tab. 1, we test the performance of SMAR-
TIES on BigEarthNet-S1 (BEN-S1), BigEarthNet-S2
(BEN-S2), and multi-modal BigEarthNet (BEN-MM) [38]
by following the finetuning strategies mostly used in pre-
vious papers. By doing so, we assess the in-domain rep-
resentation ability of SMARTIES on datasets seen during
pretraining, while focusing on multi-label RS scene classi-
fication task. The BEN setup, involving both S1 and S2, en-

4For a broader comparison, see Tab. S2 in the supplementary material.

Method Backbone LP / FT

SeCo [26] RN-18 N/A / 93.1
GASSL [2] RN-18 N/A / 89.5
SeCo [26] RN-50 95.6 / 97.2
CACo [27] RN-50 95.9 / N/A

SatMAE (S2) [9] ViT-B 96.6 / 99.2
I-JEPA [1] ViT-B 95.6 / 99.2
SpectralGPT [19] ViT-B N/A / 99.2
S2MAE [23] ViT-B N/A / 99.2
SMARTIES (Ours) ViT-B 98.4 / 99.4
SatMAE (S2) [9] ViT-L 97.7 / 99.0
SatMAE (RGB) [9] ViT-L 93.0 / 95.7
CROMA [12] ViT-B (×2) 97.6 / 99.2
SatMAE++ (S2) [32] ViT-L N/A / 99.0
SMARTIES (Ours) ViT-L 98.9 / 99.6

Table 2. Top-1 accuracy (%) on EuroSAT. N/A indicates not avail-
able results in the original papers.

ables to study the ability of SMARTIES on handling known
sensors variability. Results in Tab. 1 show that SMARTIES
excels as a unified FM, demonstrating superior performance
with diverse sensor inputs (single-modal/multi-modal) and
distinguishing itself from previous methods that require
sensor-specific pretraining. With various single-sensor in-
put (columns S1 and S2 of Tab. 1), SMARTIES consistently
outperforms sensor-specific competitors on both BEN-S1
LP and BEN-S2 FT for ViT-B and ViT-L backbones. Since
previous models are mainly customized for optical data
(BEN-S2), most of them perform poorly under the BEN-
S1 setting, composed of SAR data. When considering
multi-sensor fused inputs (column MM of Tab. 1), SMAR-
TIES outperforms previous state-of-the-art model CROMA
(which was specifically pretrained with SAR-Optical image
pairs), by significant 1.5% mAP (ViT-L) through LP. In ad-
dition, the results on BEN-MM LP reflect the complemen-
tary benefits of leveraging multi-modal data using a single
model: compared to LP with only SAR input (BEN-S1 LP),
multi-modal input (BEN-MM LP) boosts the performance
by 6.2% mAP with our model.

Downstream Transfer. We test the open-domain, seen sen-
sor representation ability of SMARTIES on the downstream
tasks of scene classification with datasets RESISC-45 [6],
EuroSAT [18], WHU-RS19 [10] and UCMerced [47] which
are not seen during pretraining. Remote Sensing Image
Scene Classification (RESISC-45) is a very high-resolution
RGB imagery dataset, which contains 31,500 images and
45 scene classes in total. EuroSAT is a multispectral dataset
for scene classification, including 27K Sentinel-2 images
with 10 classes. Results on the EuroSAT dataset are pro-
vided in Tab. 2, where SMARTIES surpasses previous FMs
both in LP (98.9% vs. 97.7%) and FT (99.6% vs. 99.2%).
Tab. 3 shows the results on RESISC-45, where SMARTIES
demonstrates highly competitive performance, even against
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Method Backbone Top-1 Acc.

MAE [17] ViT-L 93.3
SatMAE (RGB) [9] ViT-L 94.8
MCMAE [13] Conv ViT-L 95.0
Scale-MAE [34] ViT-L 95.7
SatMAE++ (RGB) [32] ViT-L 97.5
SMARTIES (Ours) ViT-L 95.8

Table 3. Top-1 accuracy (%) of finetuning on RESISC-45.

Method EuroSAT WHU-RS19 UCMerced

SatMAE (RGB) [9] 84.4 69.9 69.7
Scale-MAE [34] 86.7 79.5 75.0
Cross-Scale MAE [40] 87.8 79.8 74.5
SMARTIES (Ours) 93.7 80.4 77.0

Table 4. kNN classification accuracies averaged over different
scale ratios (12.5%, 25%, 50%, 100%).

models specifically trained on RGB data. Compared to pre-
vious methods, SMARTIES also showcases high data effi-
ciency, achieving these results with only 496K images for
pretraining, of which 60K RGB images represent only a
small fraction (see Sec. S2 in the supplementary material
for a detailed analysis). These results in the open-domain,
seen sensor setup further demonstrate the remarkable gen-
eralization and scalability of SMARTIES.

Multi-scale Transfer. RS sensors exhibit pronounced dif-
ferences in terms of spatial resolution. We mimic this vari-
ability in sensors characteristics by resizing images for dif-
ferent scale ratios (12.5%, 25%, 50%, 100%) for model
evaluation. Experiments are performed on three datasets
which are all unseen when pretraining: EuroSAT, WHU-
RS19 [10], UCMerced [47] to assess model’s ability on han-
dling scale variances. WHU-RS19 and UCMerced are both
very high-resolution RGB image datasets. More precisely,
WHU-RS19 contains 19 typical RS scene classes and im-
ages with up to 0.5m spatial resolution, while UCMerced
contains 21 land use classes of urban locations around the
United States. Tab. 4 presents the kNN classification accu-
racies on this multi-scale setup for different FMs. Without
scale-specific pretraining, SMARTIES significantly outper-
forms previous state-of-the-art FMs (SatMAE, Scale-MAE,
and Cross-scale MAE), which are specifically designed to
tackle multi-scale input, with an improvement 5.9% on Eu-
roSAT, 0.6% on WHU-RS19, and 2.0% on UCMerced. Re-
sults from this setup verifies the robustness of SMARTIES
against scale variability. We argue that SMARTIES owes
this feature to the multi-scale nature of the pretraining data.

4.4. Unseen Sensor Transfer Experiments

The sensor-agnostic design of SMARTIES allows adapt-
ing to new sensors that were not present during pretrain-

Method Backbone BurnScars DEN SpaceNet7

GFM [29] Swin-B 76.9 34.1 60.9
CROMA [12] ViT-B (×2) 81.8 38.3 59.9
SenPa-MAE [33] ViT-B 80.8 30.2 58.5
DOFA [46] ViT-B 80.6 39.3 61.8
TerraMindv1 [21] ViT-B 82.4 37.9 60.6
SMARTIES (Ours) ViT-B 82.8 38.5 62.2

Table 5. Semantic segmentation results (mIoU) with frozen back-
bone UPerNet probing on BurnScars, DynamicEarthNet (DEN)
and SpaceNet7, using the PANGAEA benchmark [28].

Method Training mIoU Acc. F1

U-Net 2D [35] Scratch 47.7 69.7 62.7
DeepLapV3+ [5] Scratch 48.5 71.2 63.2
SMARTIES (w/o PI) Frozen 35.4 55.8 50.6
SMARTIES (Ours) Frozen 50.2 75.5 63.7

Table 6. Unseen sensor transfer of SMARTIES (ViT-B) for
crop-type segmentation on SICKLE. PI: projection interpolation;
Frozen: a segmentation head is finetuned with frozen backbone.

ing (Sec. 3.4). We verify this sensor transfer capabil-
ity in the open domain, unseen sensor mode (see Fig. S1
in the supplementary material) through frozen backbone
semantic segmentation experiments on SICKLE [36] for
crop-type mapping, BurnScars [20] for burn scars detec-
tion, DynamicEarthNet (DEN) for land-use and land-cover
mapping [41] and SpaceNet7 [43] for building detection.
When encoder and projection layers are kept frozen, the
unseen sensor transfer of SMARTIES can be achieved via:
1) the classical naive approach of feeding the new sen-
sor’s bands to the closest projection layers; and 2) the pro-
posed projection interpolation (cf. Sec. 3.4 and Fig. 4).
We verify the former on the Planet images of DEN and
SpaceNet7, and the Harmonized Landsat Sentinel-2 (HLS)
images of BurnScars. Even though Planet and HLS sen-
sors have been never seen during SMARTIES pretraining,
wavelength ranges of their bands highly overlap with the
pretraining spectra that allows to directly leverage the al-
ready learned projection layers. Tab. 5 shows the results un-
der a comparison with state-of-the-art multi-sensor FMs by
using the evaluation protocol of the PANGAEA [28] bench-
mark with frozen backbone UPerNet [45] probing. SMAR-
TIES surpasses previous multi-sensor FMs on BurnScars
and SpaceNet7 with a highly competitive performance on
DEN. These results shows the success of SMARTIES for
unseen sensor transfer in the case of overlap with pretrain-
ing spectra. SICKLE contains Landsat-8 satellite images,
which are acquired by an optical sensor (OLI) and a ther-
mal sensor (TIRS). TIRS sensor with its thermal infrared
bands is characterized by wavelength ranges unseen during
pretraining (i.e., non-overlapping with pretraining spectra).
To test SMARTIES performance on the SICKLE’s Landsat-
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Figure 5. kNN classification accuracy (%) on EuroSAT versus
pretraining epoch for ViT-B and ViT-L.

8 segmentation task by using both OLI and TIRS bands, we
apply interpolation for the thermal infrared bands, and learn
a single layer segmentation head to assess its unseen sen-
sor transfer capability. Tab. 6 shows a comparison of our
model’s performance with fully supervised models trained
specifically on this dataset. SMARTIES with projection in-
terpolation surpasses fully supervised models in all the met-
rics, and by a margin of 1.7% in mIoU, even with frozen
backbone parameters. By combining spectrum-aware pro-
jection layers (Fig. 3 and Fig. 4), SMARTIES achieves
strong generalization and adaptability, showing its potential
as a versatile FM for new sensor types without requiring
additional sensor-specific finetuning.

4.5. Ablations
Model Size and Pretraining Epochs. Our model is built
based on the standard ViT backbones with the lightweight
projectors, so that SMARTIES does not significantly in-
crease parameter count compared to the standard MAE
(+5.9M for ViT-L backbone). Fig. 5 presents the effects of
ViT backbone and pretraining epochs for kNN classification
on EuroSAT. Overall, using ViT-L brings continuous im-
provements over ViT-B of about 0.5% for the same epochs,
showing the scalability of SMARTIES.

Cross-sensor Token Mixup. We study the robustness of
the learned representations by ablating the use of cross-
sensor token mixup with models pretrained for 50 epochs
(Tab. 7). With mixup, the model’s performance in process-
ing multi-modal data is significantly enhanced: the LP per-
formance increases by 2.2% on BEN-MM. We argue that
mixup adds variability in the input data that helps to pre-
vent overfitting, even with BEN only pretraining.

Fusion Strategies for Multi-modal Input. We also ex-
amine the effects of feature fusion strategies for the multi-
modal downstream transfer. As shown in Tab. 8, we de-
sign three fusion strategies to adapt to multi-modal inputs:
Image Stacking denotes a strategy directly stacking images
from different modalities as input to the model; Feature
Concatenation means concatenating features obtained by
the encoder for different modalities; finally, Mixup Con-

Method Backbone Acc.

SMARTIES (w/o mixup) ViT-B 91.0
SMARTIES (w mixup, BEN only) ViT-B 91.1
SMARTIES (w mixup) ViT-B 93.2

Table 7. kNN classification accuracy (%) on EuroSAT under dif-
ferent pretraining settings (pretraining epochs are set to 50).

Strategy Backbone 1% 10%

Image Stacking ViT-L 75.9 83.1
Feature Concatenation ViT-L 77.0 84.7
Mixup Concatenation ViT-L 79.2 86.7

Table 8. mAP on BEN-MM for linear probing under different fea-
ture fusion strategies with 1% and 10% of the training sets.

catenation is our proposed strategy, which concatenates fea-
tures extracted from the encoder from different modalities
after applying mixup with spectrum-aware projections. An
illustration of these strategies is given in Fig. S2 in the sup-
plementary material. Results in Tab. 8 show that Mixup
Concatenation achieves the highest mAP in both 1% and
10% training data of BEN-MM for LP.

5. Conclusion

The variety of sensors that acquire a continuous stream
of information characterizing the Earth’s surface makes
RS data multi-modal by nature. In this paper, we intro-
duce SMARTIES, a unified and versatile foundation model
that achieves sensor-agnostic representations by project-
ing diverse sensory data into shared spectrum-aware space
and training with the masked reconstruction objective with
cross-sensor token mixup. This strategy has the advantage
of seamlessly handling diverse sensory inputs at pretrain-
ing, exhibiting scalability to RS sensors characterized by
different spectral properties. SMARTIES can learn transfer-
able representations not only for pretraining sensors but also
for unseen ones, demonstrating unprecedented generaliza-
tion capabilities. SMARTIES outperforms existing founda-
tion models for RS in 10 datasets on both single-modal and
multi-modal tasks, including experiments testing the down-
stream transfer to the sensor never seen during pretraining.
Unifying multi-sensor RS image interpretation with a single
foundation model has the potential to leverage the syner-
gistic advantages of different sensors for Earth observation,
while eliminating the need for isolated efforts in training
sensor-specific models. SMARTIES makes a further step in
that direction, and extensions to the temporal domain and to
more diversified downstream tasks will be our future efforts
toward unified, physics-inspired foundation models for RS.
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