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Satellite imagery is one of the only abundant and consistent sources of data
about low–income parts of the world. While not a panacea [5], much useful
work has been done using satellite imagery for projects relevant to the United
Nations Sustainable Development Goals (SDGs), e.g. poverty prediction [6] or
infrastructure assessment [9].
However, satellite data have many unique properties, and little work has been
done to develop machine learning models to exploit/compensate for them. We
argue that designing specialized machine learning models for satellite imagery
is an academically interesting research problem with great potential impact.
Of course, the machine learning research community is unlikely to focus on
any topic without easy access to data and concrete performance metrics. Thanks
to data engineering efforts like those of the Radiant Earth Foundation, however,
it has never been easier for practitioners to train machine learning models on
satellite imagery. The data have been gathered, the data pipelines built, and
the benchmarks set; it’s time to build the specialized models.

The Unique Properties of Satellite Imagery
There are 5 major properties of satellite imagery that distinguish them from
general image data:
• The presence of reliable image metadata, such as precise geolocation of
images on the Earth’s surface, camera position and orientation, image
acquisition time, and pixel resolution.
• The inherent time–series nature of satellite imagery, which consists of
repeated images of the same location across time.
• Imagery that is captured at different wavelengths and modes, each with
unique properties, e.g. optical vs. near–infrared or passive vs. active/radar.
• The presence of cloud occlusion (particularly in passive measurements),
cloud shadows, and the ensuing illumination variability these both cause.
• Multiple resolutions of imagery for the same ground truth, and the frequent need to transfer models trained on one resolution to another.
The first three of these properties are more–or–less opportunities to be exploited. In the same ways that convolutional networks benefit from their inbuilt
equivariance to translations and scaling, so too should models for satellite imagery benefit from being designed to be equivariant (in some sense) to different

camera positions, image aquisition times, wavelengths, etc. Whether this equivariance is best accomplished by some form of regularization during training or
by model architecture choices, as in e.g. models for multi–view image data [11],
is an open question. Some work has begun to exploit the image properties in
the third bullet above, including [3], [10], [4] and [9]. [8] and [1] give accessible
explanations of these properties. [7] includes a good overview of different types
of remote sensing metadata that could be combined with satellite imagery.
The issue of cloud occlusion is a major one, and is more of a problematic
property of satellite imagery than an opportunity. Nevertheless, it is a more
circumscribed problem than the general problem of occlusion in computer vision,
and thus is potentially more addressable.
Finally, the issue of (sometimes vastly) differing resolutions between and
within datasets is a mixed blessing. The reader will be unsurprised to learn
that the wealthier the region, the higher the resolution of its satellite imagery.
So where there are regions with both high– and low–resolution imagery, there
is an interesting opportunity for transfer learning. However, the domain shift
between satellite imagery of wealthy and poorer regions is substantial, not just
in terms of image resolution but also image content. This presents a major
modeling challenge, as has been thoroughly explored in [5].
As an aside, we should also mention the perennial problem of a lack of labeled
data for satellite imagery of poorer regions. This is not an unique property of
satellite imagery, but it is one that must be overcome, with e.g. transfer learning
approaches, for satellite imagery models to be relevant to SDGs.

Concrete Problems and Datasets
The Radiant Earth Foundation will be publishing a suite of open source benchmark datasets for assessing the performance of satellite imagery models at
mlhub.earth/ in the near future. Until then, useful machine learning tasks
on satellite imagery for which there are open source training data include:
• Crop suitability, weather, air quality, and population prediction (data at
Radiant Earth API below)
• Cloud detection, segmentation, and in–painting with generative models
(data at any API below)
• Transfer learning from high– to low–resolution data and between data of
differing wavelengths and modes (data at any API below)
• Building and road detection (data at spacenetchallenge.github.io)
Training imagery for these tasks can be accessed via a number of well–
engineered APIs, including those of Radiant Earth (doc.radiant.earth/ for
imagery, doc-api.radiant.earth/ for labels,
github.com/radiantearth/radiantearth-python-client for a python client,
and help.radiant.earth/ for tutorials), Google Earth Engine ( earthengine.
google.com/), and Descartes Labs (www.descarteslabs.com/). There is also
an ongoing community effort to standardize data catalogues for satellite imagery
and target labels [2].
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