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Billions of decisions
would benefit from
better geoodata




Large Earth
Models

Better, faster, and

cheaper Earth
observation with
responsible Al




NEW DATA SOURCES

Data. So much data.

Source: ESA

Earth Science Data Archive Growth Projection
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Partial Image
(75% covered)

Original —>
Image
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Vision Transformers O~ -0
, @ Model for
bstracti
Let's solve a puzzle W
e Reconstruct hidden parts of a satellite image
Abstract,

distilled copies

e What matters is the quality of abstraction in the intermediate
step, not the reconstruction itself

h@h

e Replace the reconstruction with something useful, like

biomass estimation Model for
solving puzzle
o= l ) (Decoder)
> Reconstructed
image

Compare with original
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Universidade do Minho




Prithvi HLS - Geospatial FM for many tasks

Interagency Implementation
and Advanced Concepts Team

Rt

Binary Semantic segmentation

Y —

Multiclass Semantic segmentation Classifying crop
species
® o I
Prithvi 100M Model
—) . 0\
. / 9’ pe - ‘
h .
Source: Paolo Fraccaro, Suijit Roy; Data imputation

NASA IBM workshop Cloud gap filling
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Vision Transformers

Mapping and Monitoring =
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Finetune vision models without massive
training data
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Screenshot of https://explore.madewithclay.org/



https://explore.madewithclay.org/

Prithvi HLS Success Story: Downstream Applications and Adoption

Total citations ~ Cited by 23

° Burn scar detection ArcGIS pretrained models

[} FlOOd \X/ater de[ineation Getstarted [MINEEESE Point cloud | Text

2022 2023 2024

Scholar articles  Foundation models for generalist geospatial artificial inteligence

ifi . Imagieny/Frithel - B Scars Segmentation J Jakubik, S Roy, CE Phillips, P Fraccaro, D Godwin... - arXiv preprint arXiv:2310.18660,
2023
o Crop classification ArcGIS pretrained models Citedby23 Related articles  All 2 versions

e  Cloud gap filling

(1) HLS Paper Citations

e LULC (HKregion) o
. _ Introduction to the model
e  Eddy covariance K

e Insect damage estimation
, Lo . > Building Footprint Extraction - . -

° LOCUSt breedlﬂg grOUHd /Ol’edICthﬂ Python package for geospatial machine learning using
(3) ES Rl Livi ng Atlas high resolution satellite imagery such as NASAHLS

e  Semantic segmentation of mangrove
InstaGeo \ 9
TerraTorch :

[ Documentation sub-package

Overview
TerraTorch is a library based on PyTorch Lightning and the TorchG MOdeI @
main purpose is to provide a flexible fine-tuning framework for G
interacted with at different abstraction levels. » Search and Retrieve HLS « Classification and regression « Streamlit-powered web app
tiles metadata tasks * Plotly-powered interactive
* HLS tiles bulk download « Temporal and non-temporal map
(4) | B M Open Sou rce * Create chips and target 'gPUf o + Visualise a directory of
H H H * Cloud masking » Custom models with Prithvi GeoTiff files
Library for Fine Tuning B backbone » ot tevel ot
& « Training, validation and

Resumable pipeline ifarencs

(5) |ntegrati0n With : ilidingdwiq:ow in(fierlen.cer
NASA Data Systems ’ "

Source: Arnu Pretorius, Yusuf Ibrahim InstaDeep

Source: Rahul Ramachandran, NASA - “Al Foundation Models for Science” - used with permission




Predictive
Models



Predictive Large Earth Models

Weather and Climate Models

Climate ] Spatial
Projections ' ’ Downscaling
Downscaling ’ e EE— * Regional

‘—| @ Global
Temporal
At = hrs At = days At = weeks At = months/year
Nowcasting Short & Medium-range  Sub-seasonal Seasonal
& 2 ~. &
Microsoft ClimaX
Initial state

Fluid
(7 dynamics

Neural
\
“» network

physics

NVIDIA FourCastNet + CorrDiff

Evolved state

Differential
equation —> Ty ] —> ** —> Tpyn
solver

2

Google NeuralGCM



Prithvi-WxC :Foundation model for weather and climate

Training signal

echnical Objectives
e  Multi-region, multi-resolution, multi-dataset
o 1 model capable to work with multiple datasets
(HRRR, ERA5, MERRA?2) from 3 to 60 Km.
e Supports spherical and Euclidean topology
e Generate Forecasting emulators by tuning
e Integrate select observations. Iy?{f,)“fimsked 353&5%)‘ e i

12x downscaling of climate model data Hurricane prediction

IAN | Prediction | 2022692768 + 69 H Mixture of forecasting & data assimilation / state estimation.
‘F Cadl

We are using [-24, -12, -6, -3, 0, +3, +6, +12, +24] hours ahead

Downscaling

Model output statistics/bias correction

Multi-model ensembling

Parameterization

Data Assimilation

Predicted v'w', ERAS | 849.8 hPa

% BN

T | = M = T } i Detection
0 3
Tracking
4 'g' “‘"'"':‘“— g Impact Modeling

=0 143

° Source: Rahul Ramachandran, NASA - “Al Foundation Models for Science” - used with permission
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“ Destination Earth

Core Service Platform Use Cases

Fish Track Modeling

Based on biologging data of
individual tagged fish and the
ocean around them

v N ﬁf Vbe Vilaoh

A0770

From Data to Insight

development SEED

Web Interface

Making the vast amount of data
® generated by the model useful to

decision makers.

Pangeo Infrastructure

Cutting edge models will be combined
with the cloud based simulations from
the DestinE ocean data based on

-t
il e binder
U,e Da sk Labextension
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L J
224 simula
3 v 17/ DASK
lns
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Geo Agents

https://www.youtube.com/watch?v=ZyH3-7pBBiQ



http://www.youtube.com/watch?v=ZyH3-7pBBiQ

Geo Agents

Land & PROJECT MODE : \Q,_ WORLD
Carbon atenrine Y Welcome, ian@developmentseed.org! ogo EARTH //X RESOURCES
| gart ZENG_ ALERTING G : & B SR o o

£ Layers
|E Found 3 Locations:

Jakarta Raya (Province)
San Vicente, Buenos Aires Province
Capital, Corrientes

|E select a location:

1. Jakarta Raya ) 2.San Vicente ) 3. Capital )
5 J ¥,

@ I'll retrieve the deforestation alerts for Indonesia for the year
2024 (last year from the current date).

lE Adding alerts to the map.

20 km

Background tiles: © OpenStreetMap contributors
|E Based on the disturbance alerts tool, there were 3,081 high-

confidence (threshold 5) deforestation alerts in Indonesia last Data Visualization
year (2024).

To provide more context, these alerts represent potential areas

of forest disturbance or deforestation. The number indicates BatalVisualization
locations where significant changes in forest cover were 359
detected by satellite monitoring.

Would you like me to break down these alerts further or
provide any additional information about the deforestation in
Indonesia?

T
disturbanc..




Geodata for decision-making

> > > > 4

Understand Source Parse & Select & Summarize
User Data Prepare run analysis & visualize
Request Data / model



Geodata for decision-making

> > > > 4

Understand Source Parse & Select & Summarize
User Data Prepare run analysis & visualize
Request Data / model

A Q2 Q1 Qn
Qg Q22 QA2 G2

Qny +++ Qm Qn
Qm; Amz Qm Qn




Geo Agents

e ‘ S Marine GeoPilot H@

Agents
Monitoring Data Di iscovery Documentation
and Reporting and Information

Toole \J/ \LRAG \l/ Other APIs

) GlobaiFishing Watch
allline NCTS = ©BIS e,
[@ A j o




The Great
Retooling



Mapping Monitoring Mobilizing

Data needs High fidelity & spatial Regular revisit + High fidelity + low
consistency temporal consistency latency
FM opportunities "one shot" feature automation for speed “curiosity-led"
detection; features with and volume; exploration;
regional variation multimodal monitoring Al Agents
For digital twins An input A signal The point
Global extent . :
Y — Temporal extent Multi-dimensional &
& consistency model data
Infrastructure Raster + Vector Embeddings Heavy on-
Implications demand
Tiling & chipping Batch processing
processing

Fast integration

Fast renderin Fast vector :
g . Fast inference of new data



Cloud Native Geo

Formats by Data Type

Format Data Type Standard Status

Cloud-Optimized Raster OGC standard for comment

GeoTIFF (COG)

Zarr, Kerchunk Multi-dimensional raster  ESDIS and OGC standards in
development

Cloud-Optimized Point Clouds* no known ESDIS or OGC standard

Point Cloud

(COPC), Entwine
Point Tiles (EPT)

FlatGeobuf, Vector no known ESDIS, draft OGC standard
GeoParquet,

Source: https://guide.cloudnativegeo.org/



Architectural Patterns

Blob object storage in cloud optimized data format (COG, ZARR)
"Processor-friendly" metadata and cataloging (STAC)

APIls and streaming data services (TiTiler / eoAPI)

On-demand research environment (JupyterHub)

Model training & inference (PyTorch, GeoParquet)

Processing and pipelining tools

In-browser analysis, investigation, and storytelling (veda-ui,
Lonboard)



Geo in Browser

Visualize and analyze massive geodata

© CARTO, © OpenStreetMap contributors



Geo in Browser

Visualize and analyze massive geodata



Overview

e = >

Listed by Stacey Loya « PennyDot Realty.

® FOR SALE - ACTIVE

155 S Main St, Salem, NY 12865

$215,000

Est. $1,301/mo  Get pre-qualified

Neighborhood

2

Beds

Property details Sale & tax history

1.5
Baths

1,260
Sqg Ft

Climate

Q Favorite A Hide

Contact listing agent

At this time, Redfin doesn't have an agent
available to help you with this home.

Stacey Loya
PennyDot Realty
518-338-8998

A Shar



& Search Overview Neighborhood Property details Sale & tax history Climate Q Favorite A& Hide A Shar

Climate risks Contact listing agent

. . . . At this time, Redfin doesn't have an agent
Most homes have some risk of natural disasters, and may be impacted by climate available to help you with this home.

change due to rising temperatures and sea levels.

Stacey Loya
PennyDot Realty
~ Flood Factor - Extreme > 518-338-8998
== 99% chance of flooding in next 30 years
staceysellshouses@yahoo.com

& Fire Factor - Moderate 5
1% chance of being in a wildfire in next 30 years

Finance this home

20- Heat Factor - Minor > Find out your borrowing potential to make a
“** 7 days above 92° expected this year, 16 days in 30 years competitive offer

sn Wind Factor - Minor

25 > Get pre-approved

4% chance of strong winds in next 30 years

Air Factor - Minor 5
0 unhealthy days expected this year, 1 days in 30 years

View full report

Provided bv First Street @
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Thank you!

lan@developmentseed.org

C) ciTHuB © T™WITTER @ LiNkEDIN

ianschuler ianschuler ianschuler
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