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Why Observe Earth from Space?

Monitor
» Land use
= Biodiversity

Assess status of
= Crops

= Soils

= Forests

Quantify

» Forest degradation
» Deforestation

» Carbon stock




Remote Sensing Allows
Monitoring at Scale

e Continuous monitoring of land surface
e Different, complementary sensors: optical,
radar, lidar

Lots of public satellite data!
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Challenges

e Clouds

e Changes in lighting

e \Varying time gaps

e Sensor fusion

e Temporal compositing
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https://www.geographyrealm.com/new-tool-sentinel-hub-lets-create-time-lapse-gifs-satellite-imagery/



The Temporal Signal is Critical
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Seasonal dynamics help identify land cover and detect change




Noise Removal &
Calibration
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Image Credit: Google Alpha Earth
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Satellite
Images

Visual Foundation Model

Remote Sensing Foundation Model

IVisuai Language Model
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Satellite
Images

Self-supervised

128-band Image

Insights!
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(like images) that captures their meaning or
relationshipsin a lower-dimensional space.

7 Embedding: anumerical representation of data

128-dim Representation for
each 10x10m pixel



Self-supervised Learning

Masked Auto Encoding (MAE)

Representation
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Encoder Decoder

Are they similar?




Sentinel-2 MSI
,

TESSERA Architecture
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. Data Processing
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Ready to use
representations

Cloud-free, encoding
temporal spectral signal

Sensor fusion:
optical + radar data

Globally available at 10m
resolution, annually

Open source

T

TESSERA
Embeddings
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We use first 3 chennels out of 128 as R,G,B




TESSERA




TESSERA vs AlphaEarth

Training Data
Coverage

Embedding Dimension
Time Granularity
Resolution

Model Input
Open-source

License
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How well does it work?



Crop Classification

INVEKOS Austrian Crop Dataset

Number of| Percent

Name
Samples age

Legume 2227 3.31%
Soy 5892 8.76%
Summer Grain 2475 3.68%
Winter Grain 24914 37.05%
Corn 6902 10.27%
Sunflower 207 0.31%
Mustard 1734 2.58%
Potato 2514 3.74%
Beet 1257 1.87%
Squash 2019 3.00%
Grapes 222 0.33%
Tree Fruit 347 0.52%
Cover Crop 1418 2.11%
Grass 2349 3.49%
Fallow 4484 6.67%
Other (Plants) 8220 12.23%
Other (Non
Plants) 57 0.08%
Total 67238 100%




Performance
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Predicting Forest Height
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Predicting Forest Height

Model predictions (m)

Model predictions (m)
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Detecting Disturbances: Wildfires in California
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Land Use Change Detection

Year: 2017

Year: 2017




Land Use Change Detection

2017-2018

2017-2018




Some Systems Aspects

Data intensive task

e eachtileis 150 GB

 we need to stream and process ~24PB
e 1.6M GPU hours + 11M GPU hours!

Need both raw compute and algorithmic design

Compute

e Dawn HPC

« AMD 8-GPU node

« 256-core 1TB RAM server
e ~300TB SSD

We are still CPU- and GPU- hungary!




TESSERA Tool Kit

Tessera Geotessera Interactive Map

GeoTessera

Python library for accessing and working with Tessera geospatial foundation model embeddings.

Temporal Embeddings of Surface Spectra for Earth
Representation and Analysis (TESSERA) Overview

GeoTessera provides access to geospatial embeddings from the Tessera foundation model, which processes Sentinel-

1 and Sentinel-2 satellite imagery to generate 128-channel representation maps at 10m resolution. These Xibeuhig ok seected

embeddings compress a full year of temporal-spectral features into dense representations optimized for downstream

% X < geospatial analysis tasks. Read more details about the model. -
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Track Farm PV Panels in the UK

2h to track the farm solar panels in the UK from 2017-2024

1. Go check the data 2. Download all the 3. Create some PV {48
availability map in embeddingsinthe UK panellabels! (lonly &
Geotessera repo from 2017-2024 did this for 2024)

60min 15min

Tmin

4. Ask Claude Code to 5. Train the XGBoost 6. Use the model to

give me a pipeline for model detect PV panelsin the
plxel-wlse PV panel UK from 2017-2024 1+60+15+10+1+40
detection! 40min

=118 min
10min Tmin




Does the result look good?

Global dataset from Li etc. TESSERA

Note: The above two outputs are from 2020, but we only use 2024 embeddings/labels for training!
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Interdisciplinary team

Computer Science
e Al

e Systems

« Computer vision

Frank Feng

Jovana Knezevic
Robin Young

Sadiq Jaffer
Andrew Blake

S. Keshav

Anil Madhavapeddy

Remote sensing
e Satellite data

 Radiative transfer
models

Maddy Lisaius
Frank Feng
Clement Atzberger

Markus Immitzer

Agriculture/Ecology
* Forest processes
* Crop behaviour

Maddy Lisaius
Clement Atberger
David Coomes

James Ball




TESSERA

We are looking for collaborators!

Read our paper on arXiv Our Python Library

(https://arxiv.org/abs/2506.20380) (https://github.com/ucam-eo)




