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Abstract
Satellite data has the potential to inspire a seismic
shift for machine learning—one in which we
rethink existing practices designed for traditional
data modalities. As machine learning for satellite
data (SatML) gains traction for its real-world
impact, our field is at a crossroads. We can either
continue applying ill-suited approaches, or we can
initiate a new research agenda that centers around
the unique characteristics and challenges of satel-
lite data. This position paper argues that satellite
data constitutes a distinct modality for machine
learning research and that we must recognize it as
such to advance the quality and impact of SatML
research across theory, methods, and deployment.
We outline critical discussion questions and action-
able suggestions to transform SatML from merely
an intriguing application area to a dedicated
research discipline that helps move the needle on
big challenges for machine learning and society.

1. Introduction
Hundreds of remote sensing satellites continuously monitor
the Earth’s surface, creating petabyte-scale time series
datasets. These datasets hold information needed to measure
and address pressing planetary-scale challenges including
climate change (Yang et al., 2013), poverty (Jean et al., 2016),
food insecurity (Nakalembe, 2020), biodiversity loss (Skid-
more et al., 2021), and many other global goals (Kavvada
et al., 2020). However, extracting actionable insights from
satellite data at scale requires specialized analysis.
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Machine learning, especially deep learning, was born to
extract insights from raw data at scale. However, current ML
solutions designed for other data modalities, such as natural
images or language, are sub-optimal for satellite data.

Satellite data presents challenges and opportunities distinct
from other data modalities (Figure 1). Unlike natural images,
the size of targets in satellite images span a logarithmic scale
from < 1m (e.g., trees) to > 1km (e.g., forests). Temporal
patterns in satellite time series also span logarithmic scales,
from hours or days (e.g., floods) to years or decades (e.g.,
sea level rise). Data are acquired using a variety of sensors
that capture diverse spectral channels (beyond 3-channel
RGB) and precise measurements (beyond 8 bits). Satellites
collect data over the entire surface of the Earth at fixed time
intervals and spatial resolutions. Observations are acquired
from an overhead perspective from fixed altitudes and lack
a “natural” orientation, unlike natural images.

While there has been increasing interest in ML for satellite
data (SatML) (Zhu et al. (2017); Table A1), SatML research
as a whole falls short on these challenges and opportunities.
The mainstream approach to SatML has been to adapt or “lift
and shift” solutions designed for other modalities, especially
natural images, to satellite data with minimal tailoring.
Rather than tackling novel or outstanding challenges,
many studies propose ML solutions to well-resolved or
low-priority problems in the field of remote sensing (Tuia
et al., 2021). Researchers favor large, “state of the art”
models designed for other modalities without regard for
the unique characteristics and deployment considerations
of SatML models. This comes at a cost of performance,
scalability, and missed research opportunities.

The unique properties of satellite data and the challenges
of SatML—as with other data modalities such as natural
images and text—warrant specialized methods for col-
lecting, modelling, and interpreting data. For example,
self-supervised learning techniques have been proposed to
explicitly learn spatiotemporal relationships in geospatial
data, such as nearby locations being more similar than distant
locations (Jean et al., 2019) or the same location varying
in appearance over different seasons (Manas et al., 2021).
Marcos et al. (2018) proposed a small rotation-equivariant
neural network that outperformed a larger convolutional

1



Position: Mission Critical – Satellite Data is a Distinct Modality in Machine Learning

Figure 1. Satellite images of the same location can vary widely depending on factors like spatial resolution and cropping extent, temporal
dimension, and satellite mission or instrument. ML methods that leverage these factors can drastically outperform methods for general images.

neural network in SatML land cover mapping tasks. While
these examples illustrate the potential for specialized SatML
approaches, we need to encourage more such research by
placing greater value as a community on efforts that tackle
the distinct challenges and opportunities of satellite data.

In this position paper, we argue that satellite data
constitutes a distinct data modality for ML and that we
must recognize it as such to advance the quality and
impact of SatML research. Approaches designed for other
ML data modalities are ill-fitted for the distinct challenges
and opportunities of modeling satellite data and deploying
SatML systems (§2). We must prioritize the development of
specialized SatML approaches rather than limiting ourselves
to “lifting and shifting” existing approaches (§3). Leveraging
satellite data can also enrich cross-cutting ML research topics
such as distribution shift, self-supervised learning, and multi-
modal learning (§4). Realizing the full potential of SatML
will require substantial shifts in priorities and practices that
the ML community must discuss and act on together (§5).

Prior survey papers detail ML problem settings and
applications for remote sensing data (Zhu et al., 2017),
promising research opportunities at the intersection of Earth
observation and ML (Tuia et al., 2023; 2021; Reichstein
et al., 2019; Bergen et al., 2019; Rolnick et al., 2022), and
data-centric ML analyses for remote sensing data (Roscher
et al., 2023). The goal of this position paper is to present
arguments to the general ML community about the oppor-
tunities and distinctions of SatML within ML at large. We
hope that our arguments provide a path forward – as well as a
warning call – for researchers who seek to innovate in SatML
or leverage satellite data in cross-cutting ML research.

Many of our arguments for satellite data extend naturally to
the broader classes of remote sensing and geospatial data
(e.g. aerial images, ERA-5 climate data). We focus on here

on SatML, with implications for to the connected sub-fields
of ML with remote sensing and geospatial ML.

2. Satellite Data is a Distinct Modality
SatML data have distinct characteristics that are not ad-
dressed by ML methods designed for other data modalities.

2.1. Satellite data has unique characteristics

Satellite data are a type of remotely sensed data encompass-
ing diverse datasets with unique characteristics (Figure 1).
Satellite data are typically stored in a raster format as a tensor
with height, width, and channel dimensions. Temporal infor-
mation may be included by stacking spatially-aligned rasters
along a fourth dimension. While this representation shares
similarities with images and videos, several characteristics
make modeling satellite data fundamentally different.

Spatial and temporal scales SatML can model target
phenomena that span logarithmic scales in the spatial and
temporal dimensions (Figure 1). Objects and landforms can
range in size from less than one meter (e.g., trees or cars)
to many kilometers (e.g., forests or wildfires). Temporal
patterns can manifest over hours (e.g., earthquakes), weeks
(e.g., new construction), seasons (e.g., crop cultivation),
years (e.g., glacial retreat), and decades (e.g., sea level rise).

Satellite data is acquired from different instruments and orbits
that determine the spatial and temporal resolution of a dataset.
Spatial resolution describes the size of the area covered by
a single pixel on the Earth’s surface. Temporal resolution de-
scribes the frequency at which observations of the same area
are captured. Some satellites capture data on-demand with
very high spatial resolution but less frequent temporal cover-
age. For example, the WorldView-3 satellite captures images
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with 0:3� 0:3 m/pixel spatial resolution, but each observa-
tion covers a small geographic extent and is infrequent in
time. At the other extreme, the MODIS satellite captures500
� 500m/pixel images daily with a large geographic extent.

Spectral channels SatML can model many spectral
channels with greater diversity and precision than standard
8-bit RGB images(Figure 1). Different satellite sensors
capture light from different regions of the electromagnetic
spectrum. Passive sensors like optical and thermal imagers
measure light re�ected or emitted at different wavelengths
from the Earth's surface. Active sensors like synthetic
aperture radar (SAR), Lidar, and radar altimetry emit
radiation and measure the returned signal. For example,
Sentinel-1 captures 2-channel (horizontal and vertical
polarization) SAR images, while Sentinel-2 captures
13-channel optical images from the visible, near-infrared
and shortwave infrared spectrum. Data are typically stored
in GeoTIFF or other specialized formats that allow higher
radiometric resolution than standard 8-bit image formats like
JPEG (e.g., Sentinel-2 has 12-bit resolution).

ML methods developed for 3-channel RGB images are sub-
optimal for modeling satellite datasets (§3). In addition, com-
mon ML libraries lack support for many-channel satellite im-
ages. For example, TorchVision and other libraries with pre-
trained models assume images are 3-channel and thus cannot
be used for transfer learning with most satellite datasets.

Data volume SatML methods must ef�ciently process
enormous, continually growing data volumes.The volume
and ever-growing nature of satellite data directly impact the
approaches researchers must design to effectively learn from
and process the data. Satellite datasets cover the entire globe
at high spatial and temporal resolutions. These datasets date
back to 1972 and will continue to grow in the future. As
of January 2024, the European Space Agency's Copernicus
Data Space Ecosystem contained 66 petabytes of public
satellite data from the Sentinel missions (Copernicus, 2024).
The upcoming NASA-ISRO Synthetic Aperture Radar
(NISAR) mission will generate up to 140 petabytes of data
(85 TB/day) (Blumenfeld, 2017). These petabyte-scale
datasets must be processed ef�ciently at inference time
(§2.2) and present data curation challenges at training time.

Satellite data archives are much larger than existing large
datasets used in ML research. For example, the text dataset
of snapshots from the Common Crawl database used to train
GPT-3 was 45 TB (and 570 GB after �ltering) (Brown et al.,
2020). LAOIN-5B, the largest paired text-image dataset
today, is� 220TB (Schuhmann et al., 2022). The ILSVRC
2012 ImageNet dataset (Deng et al., 2009), widely used for
vision model benchmarking and pre-training, is� 150GB.

Annotations SatML target variables are de�ned with
respect to positions (in space and time) on Earth – each of
which may be paired with multiple satellite observations. At
the same time, label datasets are often sparse with variable
schemas and quality.In contrast to many ML settings where
observations,X , and labels,y, are de�nitive pairs (e.g.,X = a
photo andy = a label/interpretation of that photo), in SatML,
label annotations are often generated irrespective of satellite
observations. Instead, labels can be paired with many
different choices of satellite observations corresponding to
the label's location and time index (Figure 2). For example,
satellite imagery can be paired with vector labels from
government agricultural GIS databases to create ML ready
datasets for different tasks (Schneider et al., 2023; Garnot
& Landrieu, 2021; Kondmann et al., 2021). Factors like the
spatial resolution, season, and time of day of data acquisition
signi�cantly impact the observation and must be considered
when modeling the data (Tarasiou & Zafeiriou, 2022).

“Ground-referenced” labels are obtained by a physical
visit to a speci�c location to obtain an annotation indexed
by geographic coordinates and time (Bromberg Gaber,
2020). These often involve careful sampling informed by
spatio-temporal statistics and are generally expensive and
dif�cult to acquire. As a result, ground-truth datasets are
typically small, sparse, spatio-temporally clustered, and
specialized in a way that can make harmonization with other
datasets dif�cult (Maskey et al., 2020).

Even when labels are “image-referenced” (e.g., created from
expert annotations of satellite observations), severe sampling
biases can occur (Reichstein et al., 2019). Several large-scale
datasets have increased global coverage of annotated image
datasets, such as Functional Map of the World (Christie
et al., 2018) and BigEarthNet (Sumbul et al., 2019), but
are still more densely sampled in highly populated areas in
the Global North. For a thorough review of datasets in the
broader machine learning for earth observation space, see
(Schmitt et al., 2023) and (Xiong et al., 2022), or repositories
such as the IEEE Geoscience and Remote Sensing Society's
data platform (Schmitt et al., 2022).

2.2. Deployment challenges of dense prediction

For most deployment settings of SatML, the desired output
is a set of dense predictions that form a map of an entire
geographic region (Figure 3). For example, crop type clas-
si�cation models generate a predicted map of every pixel in
which a speci�c crop is growing (Nakalembe & Kerner, 2023;
Jo et al., 2022), and disaster response maps assess damage
across every pixel in an affected area (Xu et al., 2019).1

The need for dense prediction in deployment makes model

1This is related to the concept of image mosaicing, but predicted
labels (not input images) are stitched together over a larger region.
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