GEO-Bench:
Toward Foundation Models for Earth Monitoring
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Abstract

Recent progress in self-supervision has shown that pre-training large neural networks
on vast amounts of unsupervised data can lead to substantial increases in generalization
to downstream tasks. Such models, recently coined foundation models, have been
transformational to the field of natural language processing. Variants have also been
proposed for image data, but their applicability to remote sensing tasks is limited. To
stimulate the development of foundation models for Earth monitoring, we propose
a benchmark comprised of six classification and six segmentation tasks, which were
carefully curated and adapted to be both relevant to the field and well-suited for model
evaluation. We accompany this benchmark with a robust methodology for evaluating
models and reporting aggregated results to enable a reliable assessment of progress.
Finally, we report results for 20 baselines to gain information about the performance
of existing models. We believe that this benchmark will be a driver of progress across
a variety of Earth monitoring tasks.

1 Introduction

Earth monitoring with machine learning-based methods plays an increasing role in climate change
mitigation and adaptation as well as climate science [57]. Related applications include methane
source detection [61, 16], forest carbon quantification [44], extreme weather prediction [49], and crop
monitoring [34, 14]. Across many of these applications, pre-trained models (e.g., a ResNet trained on
ImageNet) have been used to increase generalisation performance. Improvement of the pre-trained models
has been shown to reduce the need for large labelled datasets in some contexts [11] and can improve
model generalisation outside of the training distribution [28]. Recent studies exploring the scaling of such
pre-trained models found that increasing the size of an unsupervised (or weakly supervised) dataset as well
as properly scaling the model led to an even greater increase in performance under various metrics [33, 55].

While the training of such large-scale models is usually reserved for industrial research groups with very
large computer clusters, the publication of pre-trained models creates vast opportunities for the entire
research and technology community (including communities of domain experts outside of machine
learning). These large pre-trained models were recently coined as foundation models [6] as they might
serve as foundations for sub-fields of machine learning. Specifically, the publication of large pre-trained
models like BERT [15] and GPT-3 [7] led to a paradigm shift in the field of natural language processing
(NLP). This inspired a similar shift in the field of computer vision with the release of models like CLIP
[55] and DINO [9]. While CLIP performs well on various types of vision tasks, it still under-performs
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on Earth monitoring task®§]. This is not surprising as it is trained mainly on RGB images taken from
a ground perspective at a single point in time.

While there are many similarities between Earth observation datasets and typical ML image datasets, there
are also many important differences to consider when designing effective ML models. Earth observation
images are taken from an overhead rather than ground perspective, usually from a fixed distance from
the Earth's surface (defined by a satellite's orbit). The satellite revisits provide a temporal axis that is
sometimes irregular (e.g., a few times per year) or regular (e.g., every five days) with cloud coverage
causing spurious occlusions. Images are acquired with sensors containing multiple spectral bands (e.g.,
thirteen for Sentinel-2), or even with different kinds of sensors, e.g., synthetic aperture radar (SAR), which
can penetrate cloud coverage. Moreover, the GPS coordinates and timestamp of each acquisition offer
the opportunity to combine data from multiple sources, e.g., weather data, semantic maps, and elevation.
This leads to a rich multi-modal signal with potentially missing information that can be inferred from other
elements of the signal. There are currently petabytes of accessible satellite datasets containing images of the
Earth under various modalities from the present day to as far back as the 1960s. Distilling this large amount
of information into pre-trained models of various sizes offers the opportunity to redistribute this information
and make it accessible to various labs for increasing the performances on a large range of downstream tasks.

The fundamental goal of these large pre-trained models is to improve generalization performance on
downstream tasks. Hence, to support the machine learning community in producing better pre-trained
models, it is crucial to provide a benchmark with a wide variety of downstream tasks, covering a range of
modalities and dataset shapes that are likely to be encountered in practice. At the moment, existing works on
pre-training models from earth observations elg,46, 69, evaluate on different sets of downstream tasks,
making it impossible to directly compare performance. Moreover, the set of tasks is often narrow in terms
of diversity and the statistical methodologies do not adequately report the uncertainties in the evaluation.

The present work aims to fill this void by providing a wide range of tasks across various countries with vari-
ous modalities of sensors. Also, the transformed versions of the datasets are smaller than their original form,
and all results can be replicated on single GPUs. This increases accessibility to research labs with limited
resources and reduces overall energy consumption. Our proposed benchmark, GEQidemtiposed

of six image classification and six semantic segmentation tasks, which were curated by domain experts
to ensure their diversity and relevance toward sustainable development. We expect this contribution to:

« Stimulate and facilitate the development of foundation models for Earth monitoring

« Provide a systematic way of measuring the quality of models for better scientific progress

* Provide insights into which pre-trained models work best

« Potentially reduces negative impacts of foundation models through an open evaluation procedure.

In what follows, we start by discussing sources of data that can serve to train foundation models for

earth monitoring (Sec. 2). We then present the details of GEO-Bench (Sec. 3) and how it can be used
for the evaluation of foundation models (Sec. 4). Further, we review existing benchmark datasets for earth
monitoring and discuss why GEO-Bench is complementary (Sec. 5). Finally, we present an extensive
set of experiments, showing the performance of 20 state-of-the-art models on the benchmark to lay down
reference points and to gain valuable information on existing pre-trained models (Sec. 6).

2 Remote sensing data for self-supervision

The development of foundation models does not typically rely on a specific dataset for the pre-training
phase. The choice of data source is part of the design of the model, e.g., a very large corpus of text from
the internet 0] or pairs of text associated with images from the welfj.[As such, we do not provide

data for training foundation models with this benchmark. However, for completeness, we outline potential
sources of Earth observation data that could be used for pre-training foundation models.

Multispectral images with revisits ~ Satellite data sources such as Sentin@€223] and Landsat 846)

provide images in multiple spectral bands with periodic revisits. This yields a four-dimensional array of
structured data (longitude, latitude, wavelength, time) which can be used to perform various forms of self-
supervision, e.g., predicting adjacent tildg][or contrasting the different seasons for the same redign [
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Figure 1: Foundation models encapsulate multimodal data streams through self-supervised training. The
trained models can then be fine-tuned for a variety of climate-related remote sensing tasks. Image sources:
quantification fi4], detection B2, generation 43|, counting B6], segmentationqs], and multi-class
classification [51].

Other sensors  Synthetic Aperture Radar (SAR) and terrain elevation are also frequently available and
can be matched to other sources of data through geolocalisafiors[ich data are complementary to
optical spectral bands and may encourage the model to learn higher-level semantic representations.

Semantic data Through georeferencing, text-based data such as Wikipedia articles can be linked to
satellite imagesd/]. It is also possible to join content from non-image data layers like OpenStreetMap
[39. By predicting or contrasting information from these sources, the model may learn useful and
transferable semantic representations.

3 GEO-Bench

GEO-Bench is composed of 6 classification tasks and 6 segmentation tasks. Detailed characteristics are
presented in Table 1, examples are depicted in Figure 2 and 3, and the spatial coverage on the world map is
presented in Figure 8 (supplementary material). In what follows, we describe the procedure for collecting
and transforming the datasets.

3.1 Design Principles

GEO-Bench was established by modifying and gathering geospatial datasets, adhering to principles that
secure accessibility, usability, and effective model performance assessment across tasks.

Ease of Use A fundamental goal was to create an accessible, simple-to-use benchmark, and a compact
dataset assortment with code for loading the data in a consistent schema. A key aim was to harmonize
data to reduce the engineering work needed to tailor pre-trained architectures, while maintaining sensor
type and resolution diversity.

Sector Experts and Steering Committee To align GEO-Bench with practical use-cases, we assembled
a team of six sector experts from fields such as forestry and climate science. A steering committee of
respected scientists guides high-level benchmark decisions, assuring relevance and impact.

Diversity of Modalities ~ The objective is to evaluate model adaptability to varied geospatial sensors.
Thus, the benchmark encompasses multispectral, SAR, hyperspectral, elevation, and cloud probability
modalities, with spatial resolutions from 0.1 to 30 m/pixel.

Diversity of Tasks  We ventured beyond image classification, incorporating object detection and semantic
segmentation. To maintagase of usaletection and counting tasks were transformed into semantic segmen-
tation. This led to two task sets: six image classification tasks, and six semantic segmentati@®tasgks [

Original Train, Validation, and Test Splits  Original dataset splits were preserved when available;
otherwise, we generated validation and test sets from the train set while ensuring no spatial overlap.

Permissive License Most datasets needed to be adapted from their original form to satisfy the above
criteria and be included in the benchmark. Hence, we include only datasets with permissive licenses.
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