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OpenGeoHub Foundation & core activities

ML pipeline for spatial prediction

Analysis-Ready & Cloud-Optimized (ARCO) data
Landsat cloud-free aggregates

Feature engineering & selection

Spatial prediction challenges

High-throughput data processing infrastructure

Global Pasture Watch mapping
(real world application)
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Open data culture for open development communities

OpenGeoHub is an independent, not-for-profit research foundation that utilizes machine learning and
geo-computations to produce and share open geographical and geo-scientific data, develop open
source software, and provide training and support to researchers and decision-makers

Our philosophy

OPEN SOURCE SOLUTIONS ENABLE OPEN
DEVELOPMENT COMMUNITIES TO PRODUCE MAGIC

Learn more
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Who we are?

Open data culture for open development communities

OpenGeoHub is an independent, not-for-profit research foundation that utilizes machine learning and
geo-computations to produce and share open geographical and geo-scientific data, develop open
source software, and provide training and support to researchers and decision-makers

Dr. Tomislav Hengl
Dr. Ichsani Wheeler
Prof. Dr. Edzer Pebesma
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New note

Briefing Doc: OpenGeoHub
Foundation and EnvirometriX

Main Theme: OpenGeoHub Foundation and
EnvirometriX are deeply interconnected
organizations dedicated to leveraging open-
source technologies, geospatial data, and
machine learning for environmental monitoring

and sustainable land management

View Chat 39 sources

. Open
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New note
Timeline of Events

Unfortunately, the provided excerpts do not
contain a series of specific dated events to
construct a detailed timeline. The information
primarily focuses on the background, expertise,
and projects of individuals and organizations
involved in environmental science and data

analysis

Describe OpenGeoHub in a single sentence and .
e . % Notebook guide
technical language for a audience of experts. —E

NotebookLM can make mistakes, so double-check it.
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Who we are?

New note New note
Briefing Doc: OpenGeoHub Timeline of Events
Foundation and EnvirometriX )

Unfortunately, the provided excerpts do not
ws the Main Theme: OpenGeoHub Foundation and contain a series of specific dated events to
GeoHub EnvirometriX are deeply interconnected construct a detailed timeline. The information
rganizations organizations dedicated to leveraging open- primarily focuses on the background, expertise,
ispatial data source technologies, geospatial data, and and projects of individuals and organizations
toring and machine learning for environmental monitoring involved in environmental science and data

and sustainable land management

Deep Dive Podcast

(15 min.)

) Describe OpenGeoHub in a single sentence and )
= View Chat 39 sources . ) f&’ % Notebook guide
technical language for a audience of experts.

NotebookLM can make mistakes, so double-check it.
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Global Pasture Watch |

Mapping & monitoring Global
Grasslands and Livestock

Al 4Soil
-iHeolth

i Y g f.‘;ﬁ,b’.‘;.“'.‘:‘ =
v-rm' Digip Gzt swwova wenan
(»] L Accelerating collection and use of soil heaith
e BEREST | ke INR TUHH
Luke e - information using Al technology to support the Soil
Deal for Europe and EU Soil Observatory 1!
gL~ planet }: K % L2
o
= ] [afee S, J L7

https://ai4soilhealth.eu

OPEN EARTH
MONITOR

Cyberinfrastructure to accelerate the
uptake of environmental information
and to build users communities at the
European and global level
& ‘ ,;_v.j; J e SR Soil Spectroscopy for Global Good
http://earthmonitor.org cLoBaL
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Core Activities

Data organization & harmonization

| (raster maps & vector points/polygons)
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Data organization & harmonization
| (raster maps & vector points/polygons)

Data processing & production
B (mostly raster maps)
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Core Activities

Data organization & harmonization
| (raster maps & vector points/polygons)

Data processing & production
8 (mostly raster maps)
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@smd.o pabon « | Open source/Open data solutions
- 008 ome | (STAC, packages & computational notebooks)

‘EUMAP -
* OpenGeoHub Containers

gdal-ubuntu
*



#

Core Activities
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OpenGeoHub Containers
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Data organization & harmonization

| (raster maps & vector points/polygons)

Data processing & production

B (mostly raster maps)

Open source/Open data solutions
(STAC, packages & computational notebooks)

| Communication & dissemination
Il (Video recording, hackathons & summer schools)
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Reproducibility Spectrum

Publication +

Publication : Full
Linked and .
ey Code ar?c??izta executable repication
code and data
Not reproducible py Gold standard
-
PENG R., 2011 Cloud-optimized and analysis-ready (ARCO),

Open catalog (STAC),
Computational notebooks, and
Software libraries
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Aiming full replication . Open
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Reproducibility Spectrum

Publication +

Full
replication

Publication
only Code
Code and data

Linked and
executable

Not reproducible y Gold standard

PENG R., 2011 Cloud-optimized and analysis-ready (ARCO),
Open catalog (STAC),
Computational notebooks, and

Software libraries
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So what? 3 . Open

o”' Connect - Create - Share - Repeat

How to implement it in practices?
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ML pipeline for spatial prediction
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(in-situ points)

ARCO datasets

(harmonized, gapfilled
consistent layers)
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overlay
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ML pipeline for spatial prediction

Training samples
(in-situ points)

ARCO datasets

(harmonized, gapfilled
consistent layers)

Spatial / Spacetime

oveﬂay

Classification /
Regression matrix

s open

Create

“-‘s'_o':/' Connect

Share -

Pixel value: 0.108

Repeat
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ML pipeline for spatial prediction

Training samples

Connect - Create - Share - Repeat

38
51

(in-situ points)

ARCO datasets

(harmonized, gapfilled
consistent layers)

55
75
87

38218267
38218275
38218283
38218291
38218299

lat_ 20m lon_20m h_canopy
46.768604 0.744858 11.478378
10.877570 -0.049387 7.083252
14.221970 -0.457440 5.034332
34.839863 -0.818398 3.491333
47.375198 -0.033251 11.574158

5.002793 47.892220 5.887756
5.134330 47.905411  3.733047
5.024637 47.086670 2.669090
5.114291 47.932446 2.675583
5.207586 47.912750 NaN

year
2019.0
2019.0
2019.0
2019.0
2019.0

2022.0
2022.0
2022.0
2022.0
2022.0

swirl_glad.SeasConv.ard2_m_30m_s_0101_0228_go_epsg.4326_v20230908
53.0

87.0

101.0

48.0

55.0

88.0
101.0
121.0
101.0
117.0

4

Spatial / Spacetime

Classification /

overlay

Regression matrix

Raster maps become columns &
individual samples rows
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Analysis-Ready & Cloud-Optimized (ARCO)

https://s3.o0pengeohub.org/landsat-arco/swir1 glad.swa.ard2 m 30m s 20221101 20221231 go epsq.4326 v1.ti

Dimensions:

e Image size: 1,440,004 (H), 560,004 (V)
e Filesize: 134 GB (with compression)

e Format: Cloud-Optimized GeoTIFF (COQG)
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https://s3.opengeohub.org/landsat-arco/swir1_glad.swa.ard2_m_30m_s_20221101_20221231_go_epsg.4326_v1.tif

s OpenGeo
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Cloud-Optimized GeoTIFF (COG)

A COG is a regular GeoTIFF file, aimed at being hosted on a HTTP file server,

with an internal organization that enables more efficient workflows on the cloud.

Original | puligy- [c
Data ompressor

(encoder)

i

Compressed
(encoded)
Data

Data ‘ Decompressor “;"‘L‘:‘_el
Recovered (decoder) o

Lossless compression Tilling and overviews HTTP Get Range requests
(DEFLATE, LZW) (pyramid structure) (Accept-Ranges: bytes)

Source: Cloud Optimized GeoTIFF in depth and Guo et al.. 2016
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https://www.cogeo.org/in-depth.html
https://www.researchgate.net/publication/311423420_An_Efficient_Tile-Pyramids_Building_Method_for_Fast_Visualization_of_Massive_Geospatial_Raster_Datasets

Cloud-Optimized GeoTIFF (COG)

Q
83337
i X d

= open

Create

Connect

Share - Repeat

Cloud Object Storage

Original
Data

=

Data

Recovered

<=

Lossless compression

Compressor
(encoder)

i

Compressed
(encoded)
Data

\d

(decoder)

Decompressor

(DEFLATE, LZW)

Tilling and overviews
(pyramid structure)

Source: Cloud Optimized GeoTIFF in depth and Guo et al.. 2016

(URL)

Unique Id identifier

amazon
S3

~

Google Cloud Storage

HTTP Get Range requests
(Accept-Ranges: bytes)
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Landsat cloud-free aggregates e OpenN
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Original 16-days GLAD Landsat ARD-2 Bimonthly aggregated and reconstructed Landsat ARD
Clear-sky cover weighted Final output with SWAG

average temporal-aggregation time-series reconstruction

~20 % clear-s:—lky}é ~ 15 % clear-sky
2022-01-01 2022-01-17

Jnuary-Februa 2022 January-February 2022

‘- A _::. -} & Y 1 29 ’ b i l - e
% cleaps ~60 % clear-sky . Papua New Guinea
2022-02-02 2022-02-18 (144°, -8°, 145°, -7°)

https://doi.orq/10.7717/peerj.18585
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Landsat cloud-free aggregates . Open
¥2282”  Connect - Create - Share - Repeat

P T L e ——

— / For each tile and each bi-monthly timeframe :
2, i (144°, -8°,
AN ' 185%5277) Cloud-screening
3 .8 July-Aug using QA band
223 e 2022
18667 tiles . Tile 144E_07S
598 time stamps |
7 bands + QA
@ Time-series
iretteimeitay GLAD Landsat reconstruction
e ARD-2 ! using SWAG* _
~14PB ' '
: Save as Save as » Implemented
GeoTIFF GeoTIFF within SIRCLE .
18667 tiles EE::::::::::Ei i fi:::::::::::j 18667 tiles
156 time stamps  +__-TTTTTTTTTA . b.__ITTTTTTIT4 0 156 time stamps
7bands + QA '“mececeaennet ; iteeacanand ' 7 bands
0 Landsat Bi-monthly Landsat Bi-monthly
‘‘‘‘‘‘‘‘ —— 10018 Reconstructed Aggregated 8T8

https://doi.orq/10.7717/peerj.18585
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Landsat cloud-free aggregates

&5 OpenLand

Cloud-free reconstructed Landsat bimonthly spectral reflectance bands (1997- [ = souce | <snare | P Language Engisn -
2022)

in OpenLandMap STAC
Description ltems @

Global, cloud-free, and reconstructed historical Landsat spectral bands are provided at a spatial resolution of
30 meters and a temporal resolution of bimonthly intervals (six images per year) spanning from 1997 to 2022.
The dataset was generated using the GLAD Landsat Analysis Ready Data version 2 as the primary input for
temporal aggregation and the imputation of missing values. Detailed information on the data processing
methodology in Consoli et al., 2024. Currently the collection includes only the SWIR1 band, with plans to
incorporate the other bands in future updates.

landsat ] specrl bands ] clovi-fee  ime-seres

Connect - Create - Share - Repeat

License CC-BY-4.0 landsat_glad.swa.ard2_bimonthly_1997 landsat_glad.swa.ard2_bimonthly_2010
Temporal Extent 1/1/1997,12:00:00 AM UTC - 12/31/2022, 12:00:00 AM UTC LR p 2o 0101_20100228
[ cog] [coc )
= e 1/1/1997,12:00:00 AM UTC - 2/28/1997, 12:00:00 AM 1/1/2010,12:00:00 AM UTC - 2/28/2010, 12:00:00 AM
uTC uTC

B

https://stac.openlandmap.org
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Landsat cloud-free aggregates

Plugin ID: 3221

QGIS Python Plugins Repository

@Download latest oemc Plugln s
\

"7 17 ¥r ¥ (3) votes

This plugin provides easy access to OEMC STAC catalog

About Details Versions

Version  Experimental Min QGIS version Max QGIS version Downloads Uploaded by
0.2 no 3.0.0 3.99.0 368 muratsahin
0.1 no 3.0.0 3.99.0 649 muratsahin

https://github.com/Open-Earth-Monitor/oemc-qggis-plugin

Connect - Create - Share - Repeat

| Cloud-free reconstructed Landsat bimonthly spectral reflec

Cloud-free reconstructed Landsat yearly spectral reflectand

-
-

Q OEMC Plugin A X
OEMC Catalog: OpenLandMap = ‘
‘ landsat ‘ ’ Clear Cache
Collections: Collections Items:

landsat_glad.swa.ard2_yearly.p50_20120101_20121231 |«
landsat_glad.swa.ard2_yearly.p50_20130101_20131231
landsat_glad.swa.ard2_yearly.p50_20140101_20141231
landsat_glad.swa.ard2_yearly.p50_20150101_20151231
landsat_glad.swa.ard2_yearly.p50_20160101_20161231
landsat_glad.swa.ard2_yearly.p50_20170101_20171231
landsat_glad.swa.ard2_yearly.p50_20180101_20181231
landsat_glad.swa.ard2_yearly.p50_20190101_20191231
landsat_glad.swa.ard2_yearly.p50_20200101_20201231

landsat_glad.swa.ard2_yearly.p50_20210101_20211231
landsat_glad.swa.ard2_yearly.p50_20220101_20221231

Asset layers:

swirl_glad.swa.ard2_m_30m_s

Add Layer(s)
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Global land cover mapping

& OpenLand

GLC_FCS30D annual land land-cover dynamic monitoring product [ Source | < share | P2 Language: nglish -
in OpenLandMap STAC
Description ltems @ L

GLC_FCS30D is the first global fine land cover dynamic product at a 30-meter resolution that adopts
continuous change detection. It utilizes a refined classification system containing 35 land-cover categories
and covers the time span from 1985 to 2022. Before the year 2000, the update cycle was every 5 years, while
after 2000, it is updated annually. In specific, it developed by combining the continuous change detection
method, local adaptive updating models and the spatiotemporal optimization algorithm from dense time-
series Landsat imagery, and was validated to achieve an overall accuracy of 80.88% (+0.27%) for the basic
classification system 10 major land-cover types) and 73.24% (+0.30%) for the LCCS level-1 validation system
(17 LCCS land-cover types).

[ glc_fes30 [ global land cover | fine classification system | landsat | google earth engine | Ic_glc.fcs30d_19850101_19851231 Ic_glc.fcs30d_20100101_20101231
License CC-BY-4.0 &3 o8
Temporal Extent 1/1/1985, 12:00:00 AM UTC - 12/31/2022, 12:00:00 AM UTC 1/1/1985, 12:00:00 AM UTC - 12/31/1985, 12:00:00 1/1/2010, 12:00:00 AM UTC - 12/31/2010, 12:00:00
AMUTC AMUTC
+ i

q

https://doi.org/10.5281/zen0do0.8239305
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Landsat cloud-free aggregates
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.~< OPEN EARTH

¥ MONITOR Analysis-ready in-situ data

Raw in-situ data

l @ Source | o« Share | P Language: English ~ I

Open-Earth-Monitor Catalog

Description
Spatio-Temporal Asset Catalog provided by Open-Earth-Monitor project.

Catalogs ©

2 Filter catalogs by title, description or keywords Select keywords

https://stac.earthmonitor.org

OPEN EARTH
AVENE Rl HACKATHONS 2023
Land cover mapping and
machinelearning +

Global - FAPAR

FLUXNET: GHG fluxes dataset

Continuous GHG fluxes and quality flags. In most
cases comprehensive of storage fluxes and footprint
information. Most relevant variables in the dataset...

1996-01-01 0:00:00 UTC until present

Global Pasture Watch: Grassland classes
reference samples

Reference samples (estabilished by Feature Space
Coverage Sampling-FSCS) comprising 2.3M points
visually classified using Very High Resolution image...

2000-04-01 00:00:00 UTC - 2022-12-31 00:00:00 UTC

OEMC Hackathon 2023: EU Land Cover
Classification Dataset

Stratified sampling of the ground-truth data provided
by LUCAS Survey and overlaid with 416 raster spatial
layers. The target land cover considered level-3...

2006-01-01 00:00:00 UTC - 2018-12-31 00:00:00 UTC

OEMC Hackathon 2023: Global FAPAR
Modeling Dataset
Monthly averaged FAPAR (Fraction of Absorbed
Photosynthetically Active Radiation) values
aggregated by each ground station and overlaid wit...

September Ist - 15th

On kaggle.com

S oonre GFZ x.
QUMCC Powwrs EMHrich (0 S, @) Bitab

- @@e LD svione B 2

2014-01-01 00:00:00 UTC - 2020-12-31 00:00:00 UTC

Powered by Open-Earth-Monitor Cyberinfrastructure (OEMC), a project that has received funding from the European Union's Horizon Europe research and innovation programme under grant agreement |

Ml single year [l 2 years Bl 35 years
(interpolated)
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ML pipeline for spatial prediction
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ARCO datasets

(harmonized, gapfilled
consistent layers)
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ML pipeline for spatial prediction s Open
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Training samples Final ML setup %
(in-situ points)
— T
v .
— Feature selection ML loop
B R (subsampling & cross-validation)
1 ‘9“" * ML training
7 v -~ (Single model or ensemble)
— Hyper-parameter tuning
ARCO datasets (calibration & cross-validation)
(harmonized, gapfilled
consistent layers) T
Spatial / Spacetime R Classification /
overlay Regression matrix
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ML plpe“ne for Spatlal predICtlon \s'.-.:'._:.::r‘. Connect - Create - Share - Repeat

T tean gl 3o e
TN, o ¢ v
; L o
i ﬁ,f © w1,
R < 2

Training samples Final ML setup
(in-situ points)
— T
e = Feature selection B
\}‘gw i~ e (subsampling & cross-validation) :
q * R TN ] ML training
,}, v - (Single model or ensemble)
— Hyper-parameter tuning :
ARCO datasets (calibration & cross-validation) :
(harmonized, gapfilled , r
consistent layers) I M““El Is T“AI“I“G

Spatial / Spacetime R Classification /
overlay Regression matrix
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Landsat cloud-free aggregates for Europe

= (S

(1) Data
aggregation, temporal
gapfilling, and landmask

Landsat ARD

g quality band

l‘ﬁf‘;

5 o50995s

(2) Band

opemlon

Tier 2 A
Bimonthly PAR
spectral index

4'

4'

(3) Tlme series (3)

( analysis 7
" P25,P50,P75 | ( P25, P50, P75 | [ P25, P5° and | [ Annual and
Tier 3 and accumulative and accumulative acumulatlve
Annual
(3) 3)
3)
Long term P25, P50, Long term P25, P50 Long term P25, P50, | Long term trend |
Tier 4 P75 and trend P75 and trend P75 and trend
Long term
PE—
IVegetaﬁon theme predictor ‘ Crop theme predictor [ Band theme predictor ] { Water theme predictor ‘ Soil theme predictor

o

@

n
8

OpenGeo
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hitps://doi.org/10.5194/essd-2024-266 § Earth System ©

Preprint. Discussion started: 12 September 2024 ¢ Science §
202 Soonn § £
© Author(s) 2024. CC BY 4.0 License. iData:

Ti ies of Landsat-based bi thly and I spectral
indices for continental Europe for 2000-2022

Xuemeng Tian'?, Davide Consoli', Martijn Witjes', Florian Schneider’, Leandro Parente,

Murat $ahin', Yufeng Ho', Robert Mumn‘kl and Tomislav Hengl'

! OpenGeoHub, Doorwerth, The Netherlands

2Laboratory of Geo-Information Science and Remote Sensing, Wageningen University & Research, Wageningen, The
Netherlands

*Thiinen Institute of Climate-Smart Agriculture, Germany

C Xuemeng Tian (xuemeng. i

Abstract. The production and evaluation of the Analysis Ready and Cloud Optimized (ARCO) data cube for continental Eu-
rope (including Ukraine, the UK, and Turkey), derived from the Landsat Analysis Ready Data version 2 (ARD V2) produced
by Global Land Analysis and Discovery team (GLAD) and covering the period from 2000 to 2022 is described. The data cube
consists of 17TB of data at a 30-meter resolution and includes bimonthly, annual, and long-term spectral indices on various
thematic topics, including: surface reflectance bands, Normalized Difference Vegetation Index (NDVI). Soil Adjusted Vegeta-
tion Index (SAVI), Fraction of Absorbed Photosynthetically Active Radiation (FAPAR), Normalized Difference Snow Index
(NDSI), Normalized Difference Water Index (NDWI), Normalized Difference Tillage Index (NDTI), minimum Normalized
Difference Tillage Index (minNDTI), Bare Soil Fraction (BSF), Number of Seasons (NOS). and Crop Duration Ratio (CDR).
The data cube was developed with the intention of providing a ive feature space for envi modeling and

soil, vegetation, and land cover mapping. To evaluate its effectiveness for this purpose, the quality of the produced time series

was assessed by: (1) visual examination for artifacts and inconsistencies, (2) plausibility checks with ground survey data, and
(3) predictive modeling tests. examples with soil organic carbon (SOC) and land cover (LC) classification. The results of vi-
sual examination indicate that the gap-filled product is complete and consistent, except for winter periods in northern latitudes
and high-altitude arcas where high cloud and snow density make gap-filling complex, and hence many artifacts remain. The
plausibility results further show that the indices effectively help differentiate landscapes and crop types: the BSF index showed

a strong negative correlation (-0.73) with crop coverage data, effectively detecting soil exposure. The minNDTI index had

a moderate positive comrelation (0.57) with the Eurostat tillage practices survey data, indi g valuable information on the

provided by different tiers of predictors

intensity of the tillage. The detailed temporal resolution and long-term characte
in this data cube proved to be important for both soil organic carbon regression and LC classification experiments based on the
60.723 LUCAS observations: long-term characteristics (tier 4) were particularly valuable for predictive mapping of SOC and
LC coming on the top of variable importance assessment. Crop-specific indices (NOS and CDR) provided limited value for
the tested applications. possibly due to noise or insufficient quantification methods. The data cube is made available under a
CC-BY license and will be continuously updated.

Repeat

https://doi.org/10.5194/essd-2024-266
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Feature Engineering

Connect - Create -

Share - Repeat

Input
Landsat ARD
Soil ic carb '
(1) Data
aggregation, temporal landk
gapfilling, and landmask mas
@ o o> Number of tiers combined  Tiers Feature number CCC RMSE  R2
w quality band d m
tierl 42 0.635 0651 0.489
Tier 1 tier2 36 0.623  0.660 0.476
ARCO 1 .
pimonthly tier3 38 0.637 0652 0.487
bends tierd 13 0.682  0.613 0.547
(2) Band
operation [ tier]+tier2 78 0.647 0642 0503
. 5 tierl+tier3 80 0.648  0.642 0.503
o PA
Dimonbly . ' ' ' ' . tier-+tier4 55 0.661  0.630 0521
spectral index 9
tier2-+tier3 74 0.648  0.643  0.501
(3)Tlmeserles “ g %
analys|s tier2+tier4 49 0.644 0.643  0.502
P25, P50 P75 " P25, ps0,P7s | [ P25, P5° and paanc tier3+tierd 51 0.659  0.634 0516
Tier 3 and accumulative nd accumulative
ool .. ' tier] +tier2-+tier3 116 0652 0639 0507
‘, 3 tier 1 +tier2+tierd 91 0.664 0.629 0.523
® m ® + tier | +tier3+tierd 93 0.663  0.630 0.522
('ng e Pso;‘ Long term P25, P50, ( Long term P25, P50, | (—— tier2-+tier3+tierd 87 0.662  0.631 0.520
Tier4 P75 and trend P75 and trend P75 and trend
Long term . ‘ 4 (all predictors) tierl +tier2+tier3+tierd 129 0665 0629 0523
predictor @
. & 9 4
‘Vegetaﬁonthemepredictor‘ Crop theme predictor [ Band theme predictor ][ Water theme predictor ‘ Soil theme predictor

https://doi.org/10.5194/essd-2024-266
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Feature Engineering

ser of tiers combined  Tiers Feature number Fl-score Precision (U.A.) Recall (P.A.)
Input
Landsat ARD tierl 42 0.769 0.776 0.784
yedncovs ; tier2 36 0.776 0.781 0.789
tier3 38 0.761 0.762 0.773
(1) Data tierd 13 0.785 0.782 0.791
aggregation, temporal landk
gapfilling, and landmask mas tierl +tier2 78 0.782 0.787 0.794
@ o > tier] +tier3 80 0.774 0777 0.787
% quality band ‘ m 3 tierl+tierd 55 0.785 0.792 0.799
N\ tier2+tier3 74 0.777 0.781 0.790
:‘;éa @ 4 y tier2+tierd 49 0.785 0.791 0.797
v & @ (g Lred Lo i
bimonthly . tier3+tierd 51 0.775 0.777 0.787
bands V V §//
J tierl +tier2+tier3 116 0.779 0.783 0.792
2) Band
opem 3 tier | +tier2+tierd 91 0.790 0.796 0.802
tierl +tier3+tierd 93 0.782 0.785 0.795
Tier 2 APA g . g
Bimonthly R tier2+tier3+tier4 87 0.784 0.788 0.796
spectral index
4 (all predictors) tierl +tier2+tier3+tierd 129 0.786 0.789 0.798
Im Time series.
analysls = [ ]
P25, P50 P75 " p2s,pso,P75 | [ P25, P5° and | [ Annual and o o H
rers || andscamuine nammu.m T Land cover classification
Annual
&5E7 | . .
Ll(ii) (3)
B v i + 1 N v
Long term P25, P50, | L°“9 term P25, P50. (i |-°"9 term P25, P50, | Long term trend |
Tier4 P75 and trend P75 and trend P75 and trend
Long term
predictor
& : @ Y 4
Vegetation theme predictor‘ Crop theme predictor [ Band theme predictor ][ Water theme predictor ‘7 Soil theme predictor 3

https://doi.org/10.5194/essd-2024-266
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ML plpeune for Spatlal predICtlon "‘-‘.:‘to'.::;l Connect - Create - Share - Repeat

Recursive Feature Elimination (RFE)

Trainin_g samples Final ML setup
(in-situ points)
) s
— Random Forest
— A .
e Feature selection
wﬁw . w 5 (subsampling & cross-validation) — Gradient boos‘“ng
7 ARV ] ML training L trees
7 v - (Single model or ensemble)
—  — Hyper-parameter tuning P
ARCO datasets (calibration & cross-validation) Artificial Neural
(harmonized, gapfilled Networks
consistent layers) T L
Spatial / Spacetime R Classification /
overlay Regression matrix

Successive Halving Search
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ML pipeline for spatial prediction

Training samples
(in-situ points)

. Open

._ )~

Final ML setup

A

— T
¥/ .
[ —— Feature selection
B R (subsampling & cross-validation)
W e
— Hyper-parameter tuning
ARCO datasets (calibration & cross-validation)
(harmonized, gapfilled

Connect - Create - Share - Repeat

consistent layers)

4

|

Spatial / Spacetime

overlay

Classification /

Regression matrix

Predictions
Model
performance
ML training
(Single model or ensemble)
Feature
importance
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ML pipeline for spatial prediction s Open

°s82*’  Connect - Create - Share - Repeat

I S T Predictions
= (most of the
ini - computation cost
Training samples Final ML setup P )
(in-situ points)
— Model
¥/ .
e = Feature selection performance
Rowe | e, subsampling & cross-validation
\%‘i 4" 2 (su pling validation) —
= ‘AR F ML training
7 v - (Single model or ensemble)

— Hyper-parameter tuning Feat
ARCO datasets (calibration & cross-validation) . UL
(harmonized, gapfilled |mportance

consistent layers) T
Spatial / Spacetime R Classification /
overlay Regression matrix
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Recursive Feature Elimination example "3':3 . OpenGeo

-," Connect - Create - Share - Repeat

Based on Random Forest (50 trees)

o
o
o

Lower is
better

o
(@)]
IS

o
o
N

o
u
©

o
u
o

log_loss based on 5-fold spatialcv

o
U
IS

25 50 75 100 125 150 175 200
Global grassland mapping Number of features selected
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Recursive Feature Elimination example i 0pen Geo

e " Connect - Create - Share - Repeat

Based on Random Forest (50 trees)

o
o
o

Lower is
better

=
(@)]
IS

o
o
N

o
u
©

Predefined to reduce the prediction time

*W‘
25 50 75 100 125 150 175 200
Global grassland mapping Number of features selected

o
u
o

log_loss based on 5-fold spatialcv

=
U
IS
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. open

4 -_-:/ Connect - Create - Share - Repeat

ML pipeline for spatial prediction

Final ML Model

A

Predictions
(most of the
computation cost)
ARCO datasets Data reading
(harmonized, gapfilled (tile based)

consistent layers)

Data writing Spatial
(tile based) predictions
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ML pipeline for spatial prediction <. Open

"-':/' Connect - Create - Share - Repeat

Final ML Model

CPU bound
Predictions
_____________________________________ (most of the
: ] : computation cost)
ARCO datasets Data reading
(harmonized, gapfilled ! (tile based) !
consistent layers) i |
Data writing Spatial
(tile based) predictions

10 bound
(but raster compression algorithms use CPU)
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ML pipeline for spatial prediction s OpenGe:

o [l data reading/saving speed:
o Improved hardware (SSD disks, RAM, 10 Gigabit Ethernet, InfiniBand),

o Faster software storage solution (distributed file system, S3),

o Efficient 10 parallelization (thread based & with low overhead — basically C++),

o Efficient memory management (pre-allocation & zero-copy),

CAN'YOU WORK A LITTLE FASTER

5

THAT WOULD BE:GREAT
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» apen

"-s_:’ Connect - Create - Share - Repeat

ML pipeline for spatial prediction

° m data reading/saving speed:
o Improved hardware (SSD disks, RAM, 10 Gigabit Ethernet, InfiniBand),

o Faster software storage solution (distributed file system, S3),

o Efficient 10 parallelization (thread based & with low overhead — basically C++),

o Efficient memory management (pre-allocation & zero-copy),
° prediction time:

o More hardware (CPU, GPU),

o Compiled ML models

o Multi-year predictions (all years together)
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» apen

"-s_:’ Connect - Create - Share - Repeat

ML pipeline for spatial prediction

° m data reading/saving speed:
o Improved hardware (SSD disks, RAM, 10 Gigabit Ethernet, InfiniBand),

o Faster software storage solution (distributed file system, S3),

o Efficient 10 parallelization (thread based & with low overhead — basically C++),

o Efficient memory management (pre-allocation & zero-copy),

° prediction time: a
o More hardware (CPU, GPU),

A TL2cgen

latest

o Compiled ML models

AN

Hummingbird

https://tl2cgen.readthedocs.io

o Multi-year predictions (all years together)

lleaves .
https://lleaves.readthedocs.io

-



#
https://tl2cgen.readthedocs.io
https://lleaves.readthedocs.io

» apen

"-s_:’ Connect - Create - Share - Repeat

ML pipeline for spatial prediction

° m data reading/saving speed:
o Improved hardware (SSD disks, RAM, 10 Gigabit Ethernet, InfiniBand),

o Faster software storage solution (distributed file system, S3),

o Efficient 10 parallelization (thread based & with low overhead — basically C++),

o Efficient memory management (pre-allocation & zero-copy),

° prediction time:
o More hardware (CPU, GPU),

scikit m" map

https://github.com/openlandmap/scikit-map

o Compiled ML models

o Multi-year predictions (all years together)
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ML pipeline for spatial prediction

Connect - Create - Share - Repeat

New sample

bearrt ——
& & & | | |

Random Forest Model Result 1 Result 2 Result 3
| Majority voting / Averaging |

https://scikit-learn.org |

Random forest prediction

>>> from sklearn.ensemble import RandomForestClassifier

>>> from sklearn.datasets import make_classification

>>> X, y = make_classification(n_samples=1000, n_features=4,
n_informative=2, n_redundant=0,

viee random_state=0, shuffle=False)

>>> clf = RandomForestClassifier(max_depth=2, random_state=0)

>>> clf.fit(X, y)

RandomForestClassifier(...)

>>> print(clf.predict([[©6, ©, ©, ©0]]))

[1]


#
https://scikit-learn.org/stable/
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ML pipeline for spatial prediction

"header.h"

Connect - Create - Share - Repeat

y "header.h"
o "header.h"
d void predict_margin_multiclass_unitl@(union Entry* data, double* result) {
L,/ double sum[3] = {0};

unsigned int tmp;

int nid, cond, fid;

( UNLIKELY( !(data[3].missing != -1) data[3].qvalue <= 24) ) ) {
1)

[«
Zewm I_h ( LIKELY( !(data[5].missing != || (data[5].qualue <= 146) ) )
( LIKELY( !(data[71].missing != -1) || (data[71].qvalue <= 652
( UNLIKELY( !(data[84].missing != -1) || (data[84].qvalue <=
ﬁ ﬁ ﬁ ﬁ Tchgen ( LIKELY( !(data[63].missing != -1) || (data[63].qvalue <=

( LIKELY( !(data[49].missing 1) || (data[49].qvalue <=
Iatest ( UNLIKELY( !(data[77].missing != -1) || (data[77].qvalue <= 448
Random Forest Mode' ( UNLIKELY( !(data[93].missing 1) || (data[93].qvalue <=

( LIKELY( !(data[25].missing != -1) || (data[25].qvalue <= 1050
( UNLIKELY( !(data[29].missing != -1) || (data[29].qvalue <=
sum[@] += (double)0;
. . sum[1] += (double)®;
Model compiler for decision tree models B
. ( LIKELY( !(data[33].missing != -1) || (data[33].qvalue <= 726) ) ) {
https://tl2cgen.readthedocs.io sum[0] += (double)o;
sum[1] += (double)®
sum[2] += (double)®
{
sum[@] += (double)®;

sum[1] += (double)®;

(double)l;

C++
compiler

One IF-ELSE per tree node

intel.

The Performance of Decision Tree Evaluation Strategies
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Global Pasture Watch

A consortium of research partners
developing global grassland and
livestock monitoring data for impact

. OpenGeo

Connect

LAP G

lahnva(nrln de Processamento de Imagens e Geoprocessamento

Create - Share -

Repeat

Global Land
Analysis & Discovery

I TASA

WORLD
Landﬂ RESOURCES
CarbonLab INSTITUTE

https://landcarbonlab.org/about-global-pasture-watch/

Earth Observation data preprocessing

Bi-monthly Landsat ARD2
(Spectral bands & indices)
e

Long-term MODIS

Geometric temperature

. Static digital terrain model

b 4 (Elevation, slope & hillshade)

(Monthly maximum & minimum)

Static distance maps
(Accessibility, roads, water)

A

Spacetime overlay
(All features)

2.7 mi. quality-controlled point samples
(Cultivated grassland, natural / semi-natural grassland
& other land-cover)

Samples preprocessing and filtering
(Conversion to point samples & temporal interpolation)

(Temperature & water vapor)
Ep
Sampling design

(Feature space coverage sampling)

Reference labeling protocol
IS (Visual interpretation in QGIS)

) §

10,000 tiles

Very high-res. imagery
(Google Maps & Bing Maps)

1L

(1x1 km)

j 4

Pre-existing LULC Maps
(UMD GLAD, GLC_FCS30D)

11!i

'ﬁ} Pre-existing reference samples
ff (GLanCE, Copernicus, etc)

Spacetime overlay &
overla
(Legend harmonization)

Probability threshold
definition
(Balanced precision & recall)

!

Agreement assessment
(Based on existing LC data)

[ ]pata [ ] Methods

(5—fold spatial CV)

Feature selection
(Recurs. feature elimination - RFE)

Hyperparameter tuning
(Successive halving - SH)

ML algorithm comparison
(Log_loss & precision-recall curve)

Training final models
(Random Forest)

Production-ready models
(One model per class)

Spatiotemporal prediction
(Per GLAD tile)

Global predictions
(Probabilities per pixel)

Smoolhlngﬂlterlng
(Spatiotemporal Savitzky-Golay)

Accuracy
(Based on 5-fold spatial CV)

Global mosaickin: ﬁFF)

(Cloud Optimized Geo
............. TR NSO
h 4 \ 4

A

Reference samples
(Multi-year labels 2000—2022)

Publish research outputs
(References samples, models and maps)

Dominant grassland production
(Balanced threshold & probability integration)

——P Spatiotemporal model training 4 bo---

jawanosdwi Huiddew aanessyy

Mapping Feedback

A 4

(Based on local knowledge) GEO

)| ¥

"._Real world application
1P

" g N

Cultivated grassland

(Annual probability maps 2000—2022)

Dominant grassland

(Annual maps 2000—2022)

Natural / Semi-natural grassland
(Annual probability maps 2000—2022)


https://landcarbonlab.org/about-global-pasture-watch/

Earth Observation data preprocessing l:] Data |:] Methods
Bi-monthly Landsat ARD2

Reference labeling protocol ;

(Visual interpretation in QGIS) Training final models

(Random Forest)

Sampling design

: sl
(Feature space coverage sampling) y
10,000 tiles
Very high-res. imagery (1x1 km)
i (Google Maps & Bing Maps)

indi Spacetime overla
(Ppectralibands & indces) P i (All features) Y —*P “Spatiotemporal model training 4 + -
Long-term MODIS (5—fold spatial CV)
{Temperature & walervapor) 2.7 mi. quality-controlled point samples Feature selection
Geometric temperature (Cultivated grassland, natural / semi-natural grassland | | | (Recurs. feature elimination - RFE) | :
(Monthly maximum & minimum) & other land-cover) H T
== : i yperparameter tuning i
Static digital terrain model 4 - ; (Successive halving - SH)
\|  (Elevation, siope & hillshade) Samples preprocessing and filtering i i
. (Conversion to point samples & temporal interpolation) i H
! Static distance maps C i | ML algorithm comparison | !
(Accessibility, roads, water) + 1 (Log_loss & precision-recall curve)

Production-ready models
(One model per class)

Spatiotemporal prediction

H (Per GLAD tile) :
W ¥ Pre-existing LULC Maps Spacetime Ioverlay & Probagil:liyitlhreshold ( gk;billpredlctlonsl)
= overlap efinition i robabilities per pixel i
(UMD GLAD, GLC_FCS30D) (Legend harmonization) (Balanced precision & recall) ||:
“f ' Pre-existing reference samples ‘ ¢ (Spa!?&?n?gg}ggegl::/ngolay)
v (GLanCE, Copemicus, etc)[  ['Agreement assessment | [ Accuracy nent
(Based on existing LC data) (Based on 5-fold spatial CV)

Global mosaickin 19
(Cloud Optimized GeoTIFF)

h 4 h 4

< Publish research outputs Dominant grassland production
i (References samples, models and maps) ¢ (Balanced threshold & probability integration)

Reference samples

juawaaoadwi Guiddew aanessy)

(Multi-year labels 2000—2022)

Mapping Feedback -y
(Based on local knowledge) GEQ: .

v

Approximately

120,960 CPU hours & =

7.2 terabytes of RAM vo PEER o Bl
e SO Real world appllcatlon P, TR
b 5 , ‘ ‘!,_ - ’ ‘ }\ S ! q
Cu]tivated grassland Dominant grassland Natural / Semi-natural grassland

(Annual probability maps 2000—2022) (Annual maps 2000—2022) (Annual probability maps 2000—2022)



Software
layer

Hardware
layer

High-throughput data processing infrastructure -‘.-
"o," Connect - Create - Share -
s
5 7 A & docker hub
CI R -
Ostudio R s gy %
gdal-ubuntu e u Mamba @
$ ‘ i OpenGeoHub Contamers
II= .
@ ‘ HE 8 E B ::.::
SG’? a d aeles:,
ubuntu ¢ 2 docker slurm
Operational system Network file system Cloud object (S3) Container provider HPC job scheduler
1,000+ CPU Threads 11+ TB of RAM
3 PB+ of storage
& Primus ||Landmark || Bender Apollo
| Hyara || Europa || Freya || Atas
" [“qupi || siva || Nibble || Barron
nviDIA |
. Inca
Processing servers Storage servers (RAID6)

-
o0
.

» openGeo

Repeat
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Global ML prediction s OpeEN

§|Ur M Jdocker Data access

and write
CPU server 1

(80 threads and 1Tb)
- Amazon S3
CPU server 2

(96 threads and 1Tb) | ;

16,962 tiles 1,414

: Object Storage
Split the
processing 1414 (3 Petabytes)
’ q CPU server 3 ) §
(96 threads and 1Tb)
InfiniBand
1,420
. CPU server 12

(96 threads and 1Tb)
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Global ML prediction s OpeEN

élurm docker
CPU server 1

(80 threads and 1Tb)
- Amazon S3
CPU server 2

(96 threads and 1Tb)

Data access

Object Storage
(3 Petabytes)

CPU server 3
(96 threads and 1Tb)

CPU server 12 InfiniBand
(96 threads and 1Tb)

NN

B dalbuildvrt

* \ Cloud Optimized albuildvr

GDAL' gdal translate
| GeoTlFF generation
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https://gdal.org/programs/gdal_translate.html

Global Pasture Watch mapping

Cultivated grassland - 2022

.. dpen
(J )
"‘-‘3.-':" Connect - Create - Share - Repeat

0.32

| o

Probability threshold
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= pen

888’  Connect - Create - Share - Repeat

0.42
Natural / Semi-natural grassland - 2022 | b KRE

Probability threshold

Global Pasture Watch mapping
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Global Pasture Watch mapping . Open

(Y
A3 Connect - Create - Share - Repeat

Cultivated grassland Natural/Semi-natural grassland
. » Balanced ’ Balanced
ML algorithm R ogloss F1 score | R%jogloss F1 score
probability threshold probability threshold
Random Forest - RF 0.924 0.328 0.644 0.773 0.428 0.759
Gradient boosting trees - GBT 0.924 0.162 0.653 0.767 0.352 0.760
Artificial Neural Network - ANN [ 0.916 0.380 0.607 0.697 0.468 0.720
Expected Recall (Producer’s acc.)
Cultivated grassland Other LC  Total
Cultivated grassland 0.062 0.034 0.096 0.643
Predicted
Other LC 0.034 0.869 0.904 0.962 2.1 milli ¢
Total 0.096 0.904 1.000 -1 mitfions reference
- - — samples & 5-fold
Precision (User’s acc.) : . SpOtiG| b|OCkiﬂg CV
Expected Recall (Producer’s acc.)
Natural/Semi-natural grassland Other LC  Total
) Natural/Semi-natural grass 0.202 0.064  0.266 0.758
Predicted
Other LC 0.064 0.670 0.734 0913
Total 0.266 0.734 1.000
Precision (User’s acc.) 0.759 0.913
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Global Pasture Watch mapping . Open

(Y
A3 Connect - Create - Share - Repeat

Cultivated grassland Natural/Semi-natural grassland
. » Balanced ’ Balanced
ML algorithm R ogloss F1 score | R%jogloss F1 score
probability threshold probability threshold
Random Forest - RF 0.924 0.328 0.644 0.773 0.428 0.759
Gradient boosting trees - GBT 0.924 0.162 0.653 0.767 0.352 0.760
Artificial Neural Network - ANN [ 0.916 0.380 0.607 0.697 0.468 0.720
Expected Recall (Producer’s acc.)
Cultivated grassland Other LC  Total
Cultivated grassland 0.062 0.034 0.096 0.643
Predicted
Other LC 0.034 0.869 0.904 0.962 2.1 milli ¢
Total 0.096 0.904 1.000 -1 mitfions reference
- - — samples & 5-fold
Precision (User’s acc.) : . SpOtiG| b|OCkiﬂg CV
Expected Recall (Producer’s acc.)
Natural/Semi-natural grassland Other LC  Total
) Natural/Semi-natural grass 0.202 0.064  0.266 0.758
Predicted
Other LC 0.064 0.670 0.734 0913
Total 0.266 0.734 1.000
Precision (User’s acc.) 0.759 0.913
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Global Pasture Watch mapping S Open

=’  Connect - Create - Share - Repeat

(Y
o

Cultivated

Dominant grassland - 2022

" Natural / Semi-natural
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Global Pasture Watch mapping

COG files accessible via STAC & Zenodo

& 0penLand

Global Pasture Watch: Annual grassland class and extent maps at

30-m spatial resolution
in OpenLandMap STAC

Description

Dominant class and probability maps for grassland of the world produced within the scope of
the Global Pasture Watch initiative. The grassland extent is classified into cultivated and
natural/semi-natural grassland. For more information access zenodo.

global pasture watch | grassland ] land cover | cultivated grassland | natural/semi-natural grassland

CC-BY-4.0
1/1/2000, 12:00:00 AM UTC - 12/31/2022, 12:00:00 AM UTC

License
Temporal Extent

[ < Source I < Share | F Language: English ~

Items @

[ERSIGIVE 17 Descending

gpw_ggc-30m_20000101_20001231
 coc}

1/1/2000, 12:00:00 AM UTC - 12/31/2000, 12:00:00 AM UTC

https://stac.openlandmap.ora/gpw_ggc-30m/collection.json

Connect - Create - Share - Repeat

Open-Earth-Monitor Cyberinfrastructure project

Published October 10, 2024 | Version v1
197 178

Global Pasture Watch - Annual grassland class and extent maps at

30-m spatial resolution (2000—2022)

Lea

> Show more details

Versions

Bernard Of

Martjn Wities' @®; Steffen Fitz® @

Sub-dataset: Dominant grassland class, 2000-2002

Description

etal Pasture
land cover type, which i
rasses and forbs (less than 3 meters) and a:

External resources
Indexed in

@ VIEws & DOWNLOADS|

https://doi.ora/10.5281/zenodo.13890401
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Global Pasture Watch mapping

Dataset submission to GEE catalog

o google / earthengine-catalog Q Type (7]to sq

ode 11 Pullrequests 24 (® Actions [ Projects (@ Security |~ Insights

Add Global Pasture Watch (GPW) publisher catalog #1227

ISRVl copybara-service merged 14 commits into google:main from leandroleal:main (0)5 daysago

Q) Conversation 0 -o- Commits 14 () Checks 2 [® Files changed 15

ﬁ leandroleal commented 5 days ago

Contributor

Adding GPW publisher catalog and the following datasets:

* GPW Annual Dominant Class of Crasslands v1

* GPW Annual Probabilities of Cultivated Grasslands v1

* GPW Annual Probabilities of Natural/Semi-natural Grasslands v1

©
E; leandroleal added 14 commits last week
Red g config file for global pasture watch publisher + 82dfb87
o e trivial PR for global pasture watch publisher  41821ac
o § adding projects_global-pasture-watch_assets_ggc-30m_vi_cultiv-grassla. v 50ee368
o g 1st fix for projects_global-pasture-watch_assets_ggc-3@m_vi_cultiv-gr..  06e8387
o e 2nd fix for projects_global-pasture-watch_assets_ggc-30m_vi_cultiv-gr.. + 73adc6f

https://developers.gooagle.com/earth-engine/datasets/publisher

OpenGeo!UB

Connect - Create - Share - Repeat

GEE seamless accessing global
COG file hosted in GCS

Earth Engine Apps

:
7

Q  Search places

. P s
r Global Pasture Watch - Annual grassland class and extent maps at 30-m spatial resolution (2000202

Map customization
Year:

2020 3

Natural / semi-natural Grassland:

043
Cultivated Grassland:
032
‘Apply default thresholds.
Dominant grassland
Cultivated grassland

W Natural/Semi-natural grassland

https://global-pasture-watch.projects.earthengine.a

/view/ggc-30m
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Global Pasture Watch mapping

Modeling pipeline as computational notebook

= o wri / global-pasture-watch Q Type

+-[o|na'@

<> Code (O Issues 1 Pullrequests @3 Discussions () Actions [ Projects [0 Wiki @ Security |~ Insights &8 Settings

global-pasture-watch
/ggc-30m/ (&

(D ¥ main ~ Q Go tofile t Addfile ~ = -

§ leandroleal ggc-30m modeling notebook as README.md dabb0d3 - 2 months ago ) History

Name Last commit message Last commit da...
...

B figs ggc-30m modeling notebook as README.md 2 months ago
B misc ggc-30m modeling notebook as README.md 2 months ago
[3 README.md gge-30m modeling notebook as README.md 2 months ago

[ modeling.ipynb ggc-30m modeling notebook as README.md 2 months ago

README.md 7 =

Annual 30-m maps of global grassland class and extent (2000-
2022) based on spatiotemporal Machine Learning

Computational notebook describing the machine learning modeling steps implemented for producing the global grassland maps
(2000-2022), based on:

* Multiple Earth Observation (EO) data such as GLAD Landsat ARD-2, MOD11A2, MCD19A2, digital terrain model derivatives and
distance maps of accessibility, roads, and water;

»_For model training, more than 2.3M reference samples were visually interpreted in Very High Resolution (VHR) images using QGIS

. OpenGeo

Connect - Create - Share - Repeat

Classification matrix
& reference samples

@ signup

Published October 18, 2024 | Version vi

[ voae J & oper |
201 1

41
© VIEWS & DOWNLOADS
Global Pasture Watch - Global machine learning model for

prediction of cultivated and natural/semi-natural grassland

Parente, Leandro’ @; Sloat, Lindsey? @; Mesquita, Vinicius @; Consoli, Davide' @

> Show more details.

Stanimirova, Radost? @; Hengl, Tomislav' @ Carmelo, Bonannella’ ®; Teles, Nathalia® Versions
Wheeler, chsani' @; Hunter, Maria? @; Ehrmann, Steffen* @ Ferreira, Laerte?
Mattos, Ana Paula® @ Olveira, Bemard? @; Meyer, Carsten* @; Sahin, Murat' @ Version v1 oct 16,2024
Witjes, Martiin® @  Fritz, Steflen® @; Malek, Ziga @; Stolle, Fred” @ ‘Show affiations J05R e Remls
Version v vay 24,2024

Machine learning models used in the production of the global maps of annual grassland class and extent for 2000—2022 within the I mmmrds H7BRAY
scope of the Global Pasture Wath initiative.

View ai 2 versions
‘The models were traned in scikit-iearm using 2.3M of samples, spacetime overlaid with 103 features (GLAD Landsat ARD-2 bi-montly
composites, climatic,landform and proximity covariates - full st in gow_grassiand_rf input raster layers_v1.csv) Cite all versions? You can cite all versions by
using the DOI 10.5281/zenodo. 11280848 This DOI
represents all versions, and will always resolve to

1. Binary Random Forest classifier of cultivated grassland vs other land cover
g of ' k the latest one. Read more.

2. Binary Random land cover

For each model, Recursive Feature Elimination, Successive Halving hyperparameter tuning and five-fold spatial blocking cross-
validation were conducted. The fitted models were compiled to a native C binary using TL2cgen, reducing the prediction time by factor
3.

External resources

Scikit-Map. and il modeling steps is available in
Situt; Indexed in

Related resources OpenAIRE

+ Maps of dominant grassland:
2000-2002 2003-2005 2006-2008 2009-2011 2012-2014 2015:2017 20162020 2021-2022
+_Probability maps of cultivated grassland:

https://github.com/wri/global-pasture-watch/tree/main/ggc-30m

https://doi.ora/10.5281/zenodo.13952806
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Global Pasture Watch mapping
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Annual 30-m maps of global grassland class and extent
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References
The paper describes the production and evaluation of global grassland extent mapped

Acknowled it
annually for 2000-2022 at 30 m spatial resolution. The dataset showing the spatiotemporal REIORECe T
distribution of cultivated and natural/semi-natural grassland classes was produced by using Author information
GLAD Landsat ARD-2 image archive, accompanied by climatic, landform and proximity Ethics declarations

covariates, spatiotemporal machine learning (per-class Random Forest) and over 2.3 M
reference samples (visually interpreted in Very High Resolution imagery). Custom probability

Additional information

thresholds (based on five-fold spatial cross-validation) were used to derive dominant class Supplementary information

maps with balanced user’s and producer’s accuracy, resulting in f1 score of 0.64 and 0.75 for Rights and permissions
cultivated and natural/semi-natural grassland, respectively. The produced maps (about 4 TB in About this article

size) are available under an open data license as Cloud-Optimized GeoTIFFs and as Google
Earth Engine assets. The suggested uses of data include (1) integration with other compatible

https://www.nature.com/articles/s41597-024-04139-6
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EO Data Foundation Model

Y Marcin Kluczek - 2nd Follow
\ Data Scientist | PhD candidate
1d » Edited « ®

14 & First Global and Dense Open Embedding Dataset of Earth! {3+’

Thrilled to announce the release of the Major TOM embeddings dataset,
developed in collaboration with CloudFerro S.A. €» and ®-lab, European Space
Agency - ESA "&. Together with Mikolaj Czerkawski, Jedrzej S. Bojanowski, we

are proud to present the first open dataset of Copernicus embeddings built at
this unprecedented scale, providing dense and global coverage across the
entire acquisition area of Sentinel-1 and Sentinel-2 sensors.

. Key Highlights:
;| Data: Over 8 million Sentinel-1 & Sentinel-2 images processed, distilling httDS //q |th u b .CO m/ESA_Ph | La b/M aior_TO M
insights from 9.368 trillion pixels of raw data.
“% Models: Foundation models include SigLIP, DINOv2, and SSL4EO.
H Scale: 62 TB of raw satellite data processed into 170M+ embeddings.
This project delivers open and free vectorized expansions of Major TOM
datasets, setting a new standard for embedding releases and enabling
lightweight, scalable ingestion of Earth Observation (EO) data for countless
applications.

https://clay-foundation.github.io

= Explore the datasets on Hugging Face:

- S2RGB-SigLIP (https://Inkd.in/gGFXBxqy)
- S2RGB-DINOV2 (https://Inkd.in/gC3Dv6-j)
- S1RTC-SSL4EO (https://Inkd.in/gvofy8TM)
- S2L1C-SSL4EO (https://Inkd.in/gZKghaeD)

To find out more:

- Preprint paper: Global and Dense Embeddings of Earth: Major TOM Floating
in the Latent Space (https://Inkd.in/g8n3DUpX)

= GitHub: (https://Inkd.in/guzScRzp)

< CloudFerro Al computing services: (https://Inkd.in/g8UBCnFj)
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Main takeaways

e There are a lot EO data out there. However this data is not ready to be used and integrated
into environmental applications, requiring a comprehensive work to transform it into data cubes
/ ARCO mosaics,
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Main takeaways

e Cloud-native formats / protocols (COG, zarr, MVT, STAC) came to stay. They take more
advantage of new technologies, are maintained for user communities and become a "de-facto"
standards,



#
https://www.cogeo.org/
https://zarr.readthedocs.io/en/stable/
https://docs.mapbox.com/data/tilesets/guides/vector-tiles-introduction/
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Main takeaways

There are multiple ML open-source frameworks out there. However a proper integration of
these frameworks into processing workflows and applications requires customized code and
additional libraries (scikit-map, sits),
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Main takeaways

e OpenGeoHub is providing terabytes of ARCO datasets that can be easily accessed and
integrated into ML pipelines for different applications (including GEE).
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Main takeaways

Soe
N ‘.

e The full reproducibility of this pipeline depends on have the input EO data publicly accessible,
container with all libraries used and better code abstraction for the optimizations implemented.
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