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ABSTRACT

Geospatial foundation models pretrained on large-scale Earth observation archives
offer strong transfer capabilities across remote sensing tasks, but practical adop-
tion remains challenging due to heterogeneous data formats, complex fine-
tuning pipelines, and inconsistent evaluation protocols. We present TerraTorch,
a configuration-driven toolkit for reproducible adaptation and benchmarking of
geospatial foundation models.

This workshop contribution complements earlier TerraTorch system work by fo-
cusing specifically on embedding-centric workflows: (i) generic embedding gen-
eration from pretrained encoders and (ii) downstream learning on top of frozen
embeddings for semantic segmentation. All demonstrations are linked to ex-
ecutable repository examples, lowering the barrier for ML4RS researchers and
practitioners to apply foundation models in real-world Earth observation settings.

1 INTRODUCTION

Machine learning for remote sensing (ML4RS) presents unique challenges due to the high dimen-
sionality, spectral complexity, and spatial-temporal structure of Earth observation data. Large
geospatial foundation models (GFMs) pretrained on vast unlabeled satellite and climate datasets
offer a promising foundation for downstream tasks in segmentation, classification, regression, and
related applications. However, adapting these models remains non-trivial due to heterogeneous pre-
processing, model configuration complexity, and evaluation heterogeneity.

In the ML4RS workshop at ICLR 2026, we emphasize translating research into practice through
reproducible workflows that make foundation models accessible to the broader community. Terra-
Torch addresses these challenges by offering a flexible, configuration-driven toolkit for fine-tuning
GFMs and benchmarking them on standardized tasks described in GeoBenchV2 (Simumba et al.,
2025)) and Pangea (Marsocci et al., [2024). TerraTorch builds on established deep learning abstrac-
tions such as PyTorch Lightning (Falcon & The PyTorch Lightning team,2019)) and domain-specific
tooling such as TorchGeo (Stewart et al., | 2022)).

Importantly, this workshop contribution is not intended as a repetition of the full TerraTorch system
description introduced in earlier work (Gomez, [2025). Instead, we focus on a specific emerging
paradigm in ML4RS: embedding-first workflows, where pretrained geospatial encoders are used to
generate reusable representations that support efficient downstream adaptation.

2 BACKGROUND AND RELATED WORK

Foundation Models for Earth Observation. Geospatial foundation models are large neural net-
works pretrained on multi-modal remote sensing data to acquire general representations useful
across tasks. Examples include Prithvi-EO (Szwarcman et al.|2026) and TerraMind (Jakubik et al.,
20235). Despite their promise, applying these models requires substantial effort for data handling,
fine-tuning, and evaluation.

Existing Frameworks. Prior efforts for geospatial ML infrastructure include TorchGeo (Stewart
et al.,|2022) for domain data loaders and architectures. TerraTorch distinguishes itself by combining
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modular model instantiation, task engines, and end-to-end workflows under a single config-driven
interface, with recent emphasis on embedding-centric pipelines.

Benchmarking and Reproducibility. Standardized evaluation remains challenging in geospatial
ML. Benchmark suites such as GEO-Bench support reproducible comparison. TerraTorch adopts
these standards directly, enabling systematic evaluation.

Ecosystem Tools. TerraTorch is part of the broader TerrastackAl ecosystem: (i) TerraKit (Ter-
raKit, 2025) generates ML-ready datasets from sources such as SentinelHub (Sinergise} 2024),
NASA EarthData (NASA|2024), and STAC catalogs (STAC,[2021)); (ii) Geospatial Studio (Geospa-
tial Studiol [2025) provides scalable training, inference, and visualization interfaces; (iii) Terras-
tackAl promotes common interfaces and governance across these components.

3 TERRATORCH SYSTEM DESIGN

3.1 ARCHITECTURE OVERVIEW

TerraTorch is structured around three primary components that enable both end-to-end fine-tuning
and embedding-based workflows:

Data Modules. Built on PyTorch Lightning DataModules and TorchGeo abstractions, these handle
multi-band spatiotemporal ingestion, augmentation, batching, and integration with common geospa-
tial formats such as GeoTIFF (GeoTIFF, [2019), netCDF (netCDEF, |2023)), and GeoParquet (GeoPar-
quet, 2023)).

Modular Model Factory. A factory pattern enables dynamic composition of pretrained back-
bones and task-specific heads. Supported backbones include Prithvi, TerraMind, Clay (Clay, 2024),
DOFA (Xiong et al.}|2024), DINOv3 (Chen et al.,|2025), and generic models from timm. This mod-
ularity is equally important for fine-tuning and for representation extraction, where the backbone is
used as a frozen embedding generator.

Task Engines and CLI. TerraTorch provides LightningModule task wrappers encapsulating
losses, metrics, and training logic. Experiments are defined via YAML/JSON configuration files
specifying data sources, model components, optimization, and evaluation metrics. The same config-
uration interface is used for embedding export workflows, enabling reproducible embedding gener-
ation at scale.

4 TUTORIAL WORKFLOWS AND DEMONSTRATIONS

The tutorial session accompanying this workshop paper is organized around two embedding-centric
workflows. Together, they demonstrate how TerraTorch supports (i) generic embedding generation
from pretrained geospatial foundation encoders and (ii) efficient downstream learning on top of
frozen embeddings. All resources for the tutorials can be found in (Embedding Examples, [2025)).

4.1 TUTORIAL 1: GENERIC EMBEDDING GENERATION WITH TERRATORCH

A central tutorial workflow focuses on embedding generation as a generic and reusable capability
of TerraTorch. Instead of immediately fine-tuning foundation models end-to-end for a specific task,
TerraTorch supports an embedding-first paradigm in which pretrained geospatial foundation models
are used as representation engines.

In this workflow, participants learn how to extract embeddings from arbitrary Earth observation im-
agery (e.g., Sentinel-2, HLS, or custom multispectral data) and store them as structured intermediate
features. These embeddings can then serve as a common substrate for many downstream use cases,
including semantic segmentation, regression, retrieval, anomaly detection, or lightweight probing
tasks.
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Raw RGB vs. Embedding Visualizations
Each embedding is projected to RGB using PCA computed independently per model and per sample.

Raw RGB TerraMind Small (PCA RGB) Prithvi v2 Tiny-TL (PCA RGB) ResNet-50 DINO (PCA RGB)

Figure 1: PCA visualizations comparing embeddings of various backbones in TerraTorch.

The tutorial demonstrates how TerraTorch treats embedding extraction as a first-class workflow,
fully integrated into its configuration-driven interface. Using a YAML configuration, users specify:

* the input data module and preprocessing pipeline,

* the pretrained foundation backbone used for feature extraction,

the embedding granularity (patch-level or tile-level pooling),

* the export format and output structure for downstream reuse.

A key practical motivation is that embedding extraction can be performed once at scale, decoupling
the expensive encoder forward pass from later task-specific training. This enables rapid experi-
mentation across multiple downstream models without repeatedly recomputing representations. For
example, the different embeddings illustrated in Figure [T| have been created by simply changing a
single string selecting the backbone in the TerraTorch configuration file.

Participants will follow the provided example notebook embedding_generation_
burnscars.ipynb, which serves as a concrete template for generic embedding gen-
eration. The full pipeline is specified declaratively in the companion configuration file
embedding_generation_burnscars.yaml.

The resulting embeddings are stored in GeoParquet format, preserving geospatial indexing while
remaining efficient for large-scale machine learning workflows. Overall, this tutorial establishes the
foundation for embedding-centric ML4RS pipelines, where a single pretrained encoder can support
many downstream applications through reusable representations.

4.2 TUTORIAL 2: EMBEDDING APPLICATION FOR DOWNSTREAM BURN SCAR
SEGMENTATION

The second tutorial builds directly on the embeddings generated in the first workflow and demon-
strates one concrete downstream application: semantic segmentation of burn scars. Burn scar map-
ping is a highly relevant remote sensing task, since burned areas are characterized by subtle spectral
changes and spatial context that benefit from foundation model representations.
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Rather than training a full segmentation network from raw imagery, TerraTorch is configured to
consume the precomputed embeddings as the primary input modality. A lightweight segmentation
decoder - in this case a MLP - is then trained on top of these frozen representations. This separation
provides substantial practical advantages:

 reduced compute requirements, since the backbone is not re-executed,
* faster convergence, as only task-specific head parameters are updated,

* rapid benchmarking of multiple decoder architectures on the same embedding set.

Participants will run the notebook downstream_segmentation_burnscars.ipynb, with
the experiment fully specified in downstream_segmentation_burnscars.yaml. The con-
figuration defines:

* the embedding dataset loading strategy,
* the downstream segmentation head and loss functions,
* evaluation metrics appropriate for burn scar detection,

* training and validation splits aligned with reproducible benchmarking.

This tutorial highlights how TerraTorch enables efficient adaptation workflows: once embeddings
are available, downstream segmentation models can be trained and compared quickly, without re-
peating costly feature extraction.

Together, the two tutorials provide an end-to-end demonstration of TerraTorch’s support for generic
embedding generation and practical embedding-based downstream learning in ML4RS.

5 CREDITS

The embedding workflow integration and maintenance in TerraTorch are carried out as part of the
Embed2Scale project (Earth Observation & Weather Data Federation with AI Embeddings), funded
by the EU’s Horizon Europe programme (Grant Agreement No. 101131841), with additional sup-
port from SERI and UKRIL

6 CONCLUSION

TerraTorch provides a reproducible and extensible toolkit for applying geospatial foundation mod-
els across remote sensing workflows. This workshop contribution complements earlier TerraTorch
system work by focusing on practical embedding-centric demonstrations: generic embedding gen-
eration and downstream segmentation on top of frozen representations. By linking these workflows
directly to executable repository examples, TerraTorch lowers the barrier for researchers and practi-
tioners to adopt foundation models in real-world Earth observation applications.
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