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e EO data preparation (Landsat and Sentinel-2) (http://EcoDataCube.eu)

e Ensemble Machine Learning workflow
e Mapping products
e Processing workflow

e Data portal and catalog (STAC)
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Introduction & context

Geo-harmonizer: EU-wide automated mapping system for harmonization of
Open Data based on FOSS4G and Machine Learning

Programme:
CEF Telecom

Call year:
2018

Location of the Action:

Croatia, Czech Republic, Germany, Netherlands,
Romania

Implementation schedule:
September 2019 to June 2022

Maximum EU contribution:
€1,423,864

Total eligible costs:
€1,898,485

Percentage of EU support:
75%

2018-EU-IA-0095

The overall objective of the Action is to develop an
original, web-based, scalable and modular system

("Geo-harmonizer") for hosting and accessing
various thematic geospatial data layers (vector and
raster GIS layers) to support cross-border services
over the entire continental Europe.

The beneficiaries will create a data portal and a
software suite extending a wide variety of free and
open source software solutions for geospatial data
(FOSS4G) in combination with state-of-the-art
Machine Learning Algorithms, and will be made
available within EU-supported High Performance
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Introduction & context

Sentinel 2 time-series
Landsat 7/8 time-series
TANDEM-x topographic data

ALOS radar images

100 m resolution only 30 m resolution
partially harmonized full space-time coverage

inter-periods missing cellular automata,

\urjn growth models...
@ Model training

¢ (Machine Learning based) mapping (CLC) by automate

Help improve land cover

Spatiotemporal model predictions at higher spatial

of land cover dynamics

resolution (10—30m)

Complete, harmonized
. . . 30 m resolution
time-series of land cover images )
2000, 2001, 2002, ... 2020 full space-time coverage
fully harmonized / seamless
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Introduction & context

Sentinel 2 time-series
Landsat 7/8 time-series
TANDEM-x topographic data

ALOS radar images

100 m resolution only 30 m resolution
partially harmonized full space-time coverage
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\urjn growth models...
@ Model training

¢ (Machine Learning based) mapping (CLC) by automate

Help improve land cover

Spatiotemporal model predictions at higher spatial

of land cover dynamics

resolution (10—30m)

Complete, harmonized
. . . 30 m resolution
time-series of land cover images )
2000, 2001, 2002, ... 2020 full space-time coverage
fully harmonized / seamless
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GLAD Landsat ARD s Open
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Pre-Processing Reflectance Normalization

’1 Landsat Tier 1 - L1TP
\ (8,352 WRS ice-free land area)

Temporal Integration / Tiling

(MOD44C 16-day Surface Reflectance) (Best pixel according to quality assessment)

Landsat 8
(2013 until now)

Normalization Target Creation Py 16-Day Composites 1

Radiometric Correction
(UInt16 TOA scaled values - 1 to 40,000)

Pseudo-invariant Objects Detection
(Based in absolute diff. of red and SWIR)

GLAD Landsat ARD
(1° x 1° tiles and a 2 pixel buffer)

(1999 until now)

Landsat 7 ﬂ &:-.

E GLAD Quality Assessment

‘f v (DTree ensembles by region and per Model Parameterization

Landsat 5 w sensor) (OLS between bias and dis. from ground track)

(1997 until now) Download AP
—
Observation Quality Model As)pllcatlon

Assessment Mask B (Per-pixel bias-adjusted and surface anisotropy f—— Multi-T |
(GLAD + Landsat BQA) 1 corrected) h ulti-lempora
: ! Metrics Scripts

Limitations - It's not suitable for:
Real-time land cover monitoring (1-month delay)

Winter time image processing above 30N and below 45S Latitude
Precise analysis of land surface reflectance

Water quality assessment or any other hydrology applications beyond surface
water extent mapping

Global Land
Analysis & Discovery

http://dx.doi.org/10.3390/rs12030426
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EO data preparation

Digital Terrain Model

Sentinel-2 2018-2021 ARD Landsat 2000-2020 ARD
- . o
[ [ Lucas G
4 Digital EB‘ 6 Auxiliary EB’ GEDI 08 ICESat-2 08 Sentinel-2 UMD GLAD BE] Land Cover O
Elevation Models Datasets Lowest Mean Lowest Mean S2L2A BE] Landsat ARD Samples

RGB SWIR RGB NIR SWIR |Thermal
[ NR ] swr | [Ree [ NR_| SWR [Thermal

Bﬂ Harmonized 08
Input variables .
Elevation Point
for DTM prediction Dataset Temporal Temporal
Aggregation Aggregation

Landsat %

Quarterly 30m

composites
[RGB | NR [ sWIR [Thermall
Learning

- o o w0 e e e e e e b e e e e e e

I
! EB Sentinel-2 55 Sentinel-2 Complete Landsat |
1 Annual 10m Quarterly 30m Quarterly 30m
= - Optimized OTM for Europe composites Composites composites I
ccuracy —_— e —
: RGB | NR | RGB | NIR | SWR | RGB | NR [ SWIR [Thermal |}
1
! Ecodatacube !
e e a5

Land Cover
Classification

e = Legend -
] npu
DEM DTM g Operation :
Mach
Accuracy | | Accuracy Le:m'i:; N | S Intermediate
‘ i : Raster Data !
Qualitative Information E BH : i Produced
i O Point Data
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Landsat gapfilling

Q2 (~85%)

Time span
2000 — 2020
< g
Q1: Dec. 2 — Mar. 20 bimr
s

Q2: Mar. 21 — Jun. 24
Q3: Jun. 25 — Sep. 12 Q3 (~86%) Q4 (~90%)
Q4: Sep. 13 — Dec. 1

<4 - - o
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Percentage of gaps

Landsat gapfilling

Average percentage of gaps per quartile of the Landsat 30m time-series

- Quartile
70 A - N H Q1 (Dec - Mar)
. B Q2 (Mar - Jun)
60 - 2 - i - B Q3 (Jun - Sep)
" - Q4 (Sep - Dec)
50 A 2 = -

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

A EUMAP

Temporal Moving Window Median (TMWM)
https://eumap.readthedocs.io/en/latest/ autosummary/eumap.qgapfiller. TMWM.htm
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Kamp-Lintfort, Germany

-Dec.2 — Mar. 20/ 2018

ing

Landsat gapfill
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Landsat and Sentinel data cube (consistent & gapfiled) ‘iz Open

30m resolution almost 400GB of
analysis-ready Sentinel-2 data: P25,
P50 and P75 for all bands for 2016 to
2021.

30m resolution Landsat ARD 10TB of
data available as COGs via our Wasabi
service.

10m resolution Sentinel-2 mosaics
(120GB per image!) are also available
via https://EcoDataCube.eu.

T Manuscript submitted
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Ensemble Machine Learning workflow 0
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GLAD Landsat ARD Imagery
(2000 — 2019)

v

Temporal composite approach
(3 quantiles, 4 seasons, 7 bands)

i

Gap filling approach
(Temporal moving window median)

D Input/Intermediate Data

I:l Methods D Output Data

Feature space/covariates

LUCAS Survey Land cover harmonization
(2006, 2009, 2012, 2015, 2019) ! (CLC compatible)
CORINE Land Cover-CLC | l
(2000, 2006, 2012, 2018) Harmonized land cover samples

= open

Connect - Create - Share - Repeat

(~7 mi. points)

OpenStreetMap and Copernicus high-res
(e.g. build-up, highways, forest)

l

Spacetime overlay

|

Filter the training points

(Only CORINE)

VIIRS/Suomi NPP night light
(2012 —2019)

Global Surface Water freq.
(Timeless)

Monthly geometric temp.
(Timeless)

Continental EU DTM

Landsat gapfilled composites (All covariates)
(2000 — 2019)
— i ML optimization (5-fold spatial CV)
Landsat spectral indices ;
(SAVI,NDVI,NBR,NBR2,REI,NDWI) Hyperparameter Variable —
tuning importance

Classification matrix
(~5.3 mi. samples and 178 covariates)

Train and save the production model
(EML - Random Forest, Gradient Boosted Trees,
Artificial Neural Network)

¥

Run the predictions
(Probability and uncertainty output)

¥

(Timeless)

Merge tiles and generate COG files |

(7042 tiles x 20 years x 33 classes)

Dominant class, probabilities and
uncertainties land cover maps
(2000 — 2019)
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Ensemble Machine Learning workflow

GLAD Landsat ARD Imagery
(2000 — 2019)

v

Temporal composite approach
(3 quantiles, 4 seasons, 7 bands)

i

Gap filling approach
(Temporal moving window median)

D Input/Intermediate Data

LUCAS Survey
(2006, 2009, 2012, 2015, 2019)

CORINE Land Cover-CLC
(2000, 2006, 2012, 2018)

A ]

Feature space/covariates

Land cover harmonization
(CLC compatible)

Harmonized land cover samples
(~7 mi. points)

v
Spacetime overlay

I:l Methods D Output Data

= open

.
O
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OpenStreetMap and Copernicus high-res
(e.g. build-up, highways, forest)

|

Filter the training points

Landsat gapfilled composites

(2000 —2019)

Landsat spectral indices

(All covariates)

(Only CORINE)

(SAVI,NDVI,NBR,NBR2,REI,NDWI)

VIIRS/Suomi NPP night light
(2012 —2019)

Global Surface Water freq.
(Timeless)

Monthly geometric temp.
(Timeless)

Continental EU DTM

ML optimization (5-fold spatial CV) :
Hyperparameter Variable 4L
tuning importance :

Classification matrix
(~5.3 mi. samples and 178 covariates)

Train and save the production model
(EML - Random Forest, Gradient Boosted Trees,
Artificial Neural Network)

¥

Run the predictions
(Probability and uncertainty output)

¥

(Timeless)

Merge tiles and generate COG files

(7042 tiles x 20 years x 33 classes)

Dominant class, probabilities and
uncertainties land cover maps
(2000 — 2019)
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Ensemble Machine Learning workflow

Time-series || Static

\ EUMAP

data Data
s=—= Land cover harmonization i l
_l—-- (CLC compatible)
Harmonized land cover samples
(~7 mi. points) f \
T Ensemble
Spa{:"etime over)lay
covariates :
_________________________________________________________________________ Random g;zg'tzgt Neural
ML optimization (5-fold spatial CV) Forest Troes Network
Hyperparameter Variable 4l-
: tuning importance '
é ; 3x ; = Model variance of
P r most likely class
Train and save the production model 33 Prob. Potass \'Eii-“ g
(EML - Random Forest, Gradient Boosted Trees,
Artificial Neural Network) T g
¥ LogIStIC regression

Run the predictions
(Probability and uncertainty output)

¥

Merge tiles and generate COG files
(7042 tiles x 20 years x 33 classes)

.

Meta-learner J

>

Most likely class
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30-m Land use / land cover mapping

a. Dominant LULC - 2000

33 CLC classes (2000—2020)

3. Bracke
Coniferous forest

c. 1.Milaga 2. Dublin
Non-irrigated arable land  Urban fabric

RGB Landsat
(Spring)

Class probabilitiy

Class
mod. variance

Coordinate Reference System: ETRS89-extended / LAEA Europe

2 4km
—

= Construction sites w Qlive groves

https://doi.org/10.7717/peerj. 13573

d. 1-Maélaga 2. Dublin 3. Bracke

Non-irrigated arable land Urban fabric

5% A

RGB Landsat
(Spring)

Class probabilitiy

Class
. variance

mod

m Urban fabric Green urban areas Pastures Beaches, dunes, sands = Water courses  10%
= Road and rail networks and associated land  Non-irrigated arable land Broad-leaved forest Bare rocks Water bodies
Port areas Permanently irrigated arable land = Coniferous forest Sparsely vegetated areas = Coastal lagoons
Airports Rice fields Natural grasslands = Burnt areas Estuaries
= Mineral extraction sites = Vineyards Moors and heathland Glaciers and perpetual snow  Sea and ocean
= Dump sites Fruit trees and berry plantations  Sclerophyllous vegetation = Inland wetlands

Transitional woodland-shrub - Maritime wetlands =
Class probability

10%

Model
variance
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30-m Forest tree species distribution . open
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o 16 species (potential and realized
distribution)

o 2000 -2020, with time steps:
o 2000-2002
o 2002-2006
o 2006-2010
o 2010-2014
o 2014-2018

o 2018-2020

Cpliwb® “Azarbaycan

PNV - Probability distribution for Quercus robur ~ - ANV - Probability distribution for Quercus robur ~

2018..2020

- Turn off comparison

o]

My

Quercus Robur (potential and realized)

Probabilities + uncertainties http://dx.doi.org/10.7717/peerj.13728
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30-m Soil data cube (3D+t)
2020

Soil organic
carbon

L]
L o
@

"d

+ uncertainties

50

O

O

OpenGeo

Connect - Create - Share - Repeat

4 depths (0, 30, 60 and 100 cm)
SOC, pH, clay, sand and bulk density

O

O

2000
2002
2006
2010
2014
2018

2002
2006
2010
2014
2018
2020

. o © 2000 -2020, with time steps:

. OpenGeotiud veme [
$5 May27 - timinread - © Listen

Dynamic soil information at farm scale based on
Machine Learning and EO data: building an Open
Soil Data Cube for Europe

Prepared by: Tom Hengl (OpenGeoHub / EnvirometriX), Leandro Parente
(OpenGeoHub / EnvirometriX), Ichsani Wheeler (OpenGeoHub / EnvirometriX) and
Carmelo Bonannella (OpenGeoHub)

Soils symbolize fertility and are a foundation of our civilization. There is an
increasing focus on soils due to their significant ecosystem services — from
growing crops, to filtering water and providing building material. Soils are also
one of the potential carbon pools that could significantly help decrease CO2 in
the atmosphere. The current systems in place for monitoring soil properties —
physical, chemical, and biological characteristics — along with measures of soil

loss and degradation, do not provide an accurate picture of changes in the soil

resource over time. To close that gap, OpenGeoHub, EnvirometriX and partners
are building Open Soil Data Cube-type solutions utilizing Ensemble Machine
Learning and massive Earth Observation data to generate predictions for
billions of pixels. Find out how to access and use these data and contribute to
this initiative!

Manuscript in preparation
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Using Open Source to crunch big EO data :' s UpenGeo
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s
Jupyter *‘dockerhub

Data science pqthon
@swd.o R
gdal-ubuntu Gntan W
. OpenGeoHub Containers

$ ___________________ $ ________________________________________

Mamba GD \

Soft I::EI .= = = .
° 72327 SG’?‘G ? MINIO i Hl IH
ubuntu docker slurm
Operational system Network file system Cloud object (S3) Container provider HPC job scheduler
1 ,024 CPU Threads 5,2 TB of RAM 984 TB of storage

—— | Primus || Landmark || Bender || Apollo | Gaia

layer ' o i — i
NVIDIA. | Tll]ﬁ _} Silva 1 Nibble I Barron Oldboy

Processing servers Storage server
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Using Open Source to crunch big EO data

Connect - Create - Share - Repeat

Versioned and fully reproducible development
environment

S Fle Em View Run Keme Tabs satngs Hep
- ® s o @ auncner x o

an a

© - E] Notebook &
T mon ayearago
B e
- e seconds ago Mirsitd
= = B oo
s - b a year ago
opengeohub/rgeo-ide LomT a
By opengeohub ¢« Updated a month ago - ot (ke

e
Rstudio and R (>= 4.1.1) working with GDAL (>= 3.1.4) and several geospatial and ML packages . it o
= = = M m
Sty ¥ houen age Terminal Text File. Markdown File: ‘Show Contextual
s ayoaroge o
- ©yonrogo
B wn i
o ez oo
Simple OM2 @ English (United States) ~Launcher
opengeohub/pygeo-ide O
Peng Pyg , e

By opengeohub * Updated a month ago

JupyterLab and Python (>= 3.8.6) working with GDAL (>= 3.1.4) and several geospatial and ML packages

Container

o) cssfle o, 1,
) Javascript File

Ctri+Alt+S ©) D3 Script

Cl+shift+k ) python Script

https://hub.docker.com/r/opengeohub/

crrivshifes v

AHTIL

docker

5 165 4.10 73 0.510
10 1007 -olas 7,66 0.59
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Using Open Source to crunch big EO data

eumap Pvthon library (http://eumap.readthedocs.io/)

imap.readthedocs.io t
. Exte n S |Ve utl I Ity S u Ite fo r ° EUMAP Home Tutorials AP Reference Open Data Science Europe® \‘y}
working with EO and spatial
, Search the docs 2 " :
. Eumap is a library to enable easier access to several spatial layers prepared for Continental Europe (Landsat
d at a I n g e n e ra I and Sentinel mosaics, DTM and climate datasets, land cover and vegetation maps), as well the processing

classes and functions used to produce them. Installation

Docker

Itimplements efficient raster access through rasterio, multiple gapfiling approaches, spatial and spacetime

. Wa S h e avi |y u S ed for overlay, training samples preparation (LUCAS points), and Ensemble Machine Learning applied to spatial

predictions (fully compatible with scikit-learn). Contributing

License

prOdUCtion Of OGH The spatial layers can be also accessed through ODSE Viewer. N
datasets (e.g. LandMapper
ML automation)

e Complete, auto generated
documentation
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Data portal https://ecodatacube.eu

Connect - Create - Share - Repeat

; IR
DataCube <- AT B T
k The second ODSE conference day just starts
! ¥ (streamed
online):
& '.l Keynotes and talks about

Please tune in!
2 CaHkT-

& 4 MNetepbypr
Helsinki,

v
<
R
?

% Stackholm
OpenData Science
; Lt
4 Danmark
United Kifigdom ; » WORKSHOP
; Vietiva Mockea 3
Great Britain
il talsnd benapyce
Nederta
.......... R : @
B | my Kvis
Paris G
A ® - % \ S
3 Ykpaiua {5} Geo-harmonizer Retweeted
Chisindu
s A
FTALS M Angela Baker
Zagres Dakerangeia
AT S p 3 Delighted to be at the
Land Cover [T) COMPARE r o workshop today to share
: highest & ' Cipnjer- s Istanbul ~
Sp X,
Tzmir Turkiye
Ladei ST Antalya
Rabat & ! 2019 X
06.F 2 Algiers
LU sl
©

DN T —— __________0 » 2019 {5} Geo-harmonizer Retweeted
ﬁ Mundialis GmbH & Co.
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Data catalog

STAC catalog:
https://stac.EcoDataCube.eu

Online tutorials:

Connect

. openGeo

Create - Share - Repeat

A complete comprehensive raster database with all layers imported and documented

https://opendatascience.eu/geo-harmonizer/geospatial-data-tutorial/

Jupyter notebooks:

https://eumap.readthedocs.io/en/latest/notebooks/10_stac.html

n o

out 1101

ey

out 1

o Soshon with 365 data ((0..1) or Floats or (0..255) for Integers

c @ 08 ta: B @  Qsearch

Accessing and viewing data
Raster or gridded data

Geo-harmonizer serves a number of raster or gridded layers, usually prepared as Cloud-Optimized
GeoTIFFs at 30-m or coarser resolution,

Vector data

Data can be imported into QGIS in a standard way through WFS service using URL:
hitps://geoserveropendatascience.eu/geoserver/wis

‘The loading might take some time because the dataset is large, therefore It's best to first zoom to area
or feature of interest (for example Switzerland in the mage below)

QGIS adding WFS address

@ EcoDataCube

Open Environmental Data Cube Europe

Spatio-Temporal Asset Catalog for European-wide layers provided by Open Environmental Data Cube Europe.

1% Ascending | 1% Descending ]

Continental Europe land mask

Overview: Land mask estabilishing the
mapping area of the project according
to European Economic Area (EEA)...

1/1/2014-12/31/2016

Quarterly blue band of GLAD
landsat ARD (2000-2020)

Overview: The temporal composites
of blue band based on GLAD Landsat
ARD, considering four quarterly per...

12/2/1999 - 12/1/2020

Quarterly green band of GLAD
landsat ARD (2000-2020)

Overview: The temporal composites
of green band based on GLAD

Annual moors and heathland at
30 m (2000-2020)

Overview: Moors and heathland
Pastures for continental Europe based
on Ensemble Machine Learning (EM...

1/1/2000 - 12/31/2020

Annual sclerophylious
vegetation at 30 m (2000—
2020)

Overview: Sclerophyllous vegetation
Pastures for continental Europe based
on Ensemble Machine Learning (EM...

1/1/2000 - 12/31/2020

Annual transitional woodland-
shrub at 30 m (2000-2020)

PNV - Probability distribution
for Salix caprea (2000-2020)

Overview: Potential Natural
Vegetation (PNV): potential probability
of occurrence for the Goat willow...

1/1/2018 - 12/31/2020

ERAS Land precipitation daily
sum (2000-2020)

Overview: Precipitation daily sums
from 2000 to 2020 resampled with
CHELSA to 1 km resolution...

1/1/2000 - 12/31/2020

ERAS Daily land air temperature
(2000-2020)

Overview: Air temperature daily
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Working properly with Landsat data

GLAD Landsat ARD

Globally consistent analysis ready data (ARD) for

multi-decadal LCLU monitoring

16-day time-series composites from Landsat 5, 7 and 8

(TM, ETM+ and OLI)
Per-pixel observation quality flag

MODIS (moD44C) surface reflectance calibrated

Product organized by 1 x 1 degree tiles
Automatically download through HTTP API

Product under Creative Commons Attribution License

s open

w...o/‘

e Connect - Create - Share - Repeat

FORCE

An all-in-one remote sensing processing framework for
Sentinel-2 A/B MSI and Landsat 5, 7 and 8 (TM, ETM+ and
OLI)

Advanced cloud and cloud shadow detection

Integrated  atmospheric, topographic and BRDF
correction

Reprojection and grinding capabilities

Different strategies to generate composites (e.g. best

available pixel, spectral temporal metrics)

Free software under GNU License v.3
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Working properly with Landsat data L. Open

\!.

$3S*’  Connect - Create - Share - Repeat

GLAD Landsat ARD Level 4 FORCE
(Level 4 product) (Model output) (All levels)
Level 3

(Temporal composites and gridded data)

@ esa ZUSGS Level 2

science for a changing world (Atm OS p h e rl C CO rre Ctl O n )

(Level 1 and level 2 products)

. . Level 1 . Asrar, G.; Greenstone, R. (Eds.) MTPE EOS
(Radiometrically calibrated and georectified Reference  Handbook; NASA/Goddard
Space Flight Center: Greenbelt, MD, USA,

data) 1995; p. 281.
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Using Open Source to crunch big EO data . OpenGeo
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Keys to increasing computing
efficiency:

[ Efficient parallel computing,
 Efficient data access RW (S3),
[ Efficient storage (COGs),

- 23,116 tiles _
11. Split tiles across the nodes (Slurm array id) E

B W -4 )
== = =: docker Node 1 docker Node 2 Fo_reﬁry_tﬂg
2 -1 e - =
2 : 2) Read input data
5 I U r m dgr Node 3 dgr Node n {3) Execute data analysis (in parallel)

Reading (http) t Writing (83)‘ 4) Write output data (individual files)

ORI & Node 3] & Noden
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1 11100,02. 1 25 11111400 1 1100,02 11100,02 49 [11100,0? 11100, 02
2 11100,0% 2 26 111100, $ 1100,0; 11100,0% 50 [11100,02 11100, 02
3 3 27 75 [ 3 1100,0% 11100,0% 51 [11100,02 11100,0%
4 4 28 76 LIl 4 [11100,0% 11100,02] 52 [11100,02 11100,0%
5 5 29 77 [ 5 [11100,0% 11100,02
6 6 30 78 [l 6 [11100,02 11100,0
7 7 3 79 [I11 7 [11100,0
8 8 32 80 [111 8 [11100,0%
9 | 3 8L [l 9 [1100,0% 11100.0% 11100,0%
10 g 82 [Il 10 [11100,0% 11100, 07 11100,07
1 100,0 83 [l 11 [11100,02 112000 111000
12 1100,0% 84 [111 24 2 [11100,02 11100,0%. 11100,0%.
13 85 [I11 85 13 [11100.0% 1100,
14 6 [I11 86 14 11
15 " 87 15 11100,0%
16 " 88 16 11200,
17 1" 89 17 11100,
" 90 8 11100, 0%
19 " 91 19 11100, 0%
2 i 20 11100,0%
2 i 3 21
2 i 94 22 [11200,0%
2 i 95 23 [11100.0
2 1" 9% 24 [11100,0% 11100, 0
MemCI I 11T 4%, 1064 thy 9 running
Sup verage: 220,67 188.49 100,47
Uptine: 7 days, 09:51:22
T T 49 T - - = — RS
I I 50 I " %5 [ 9 [ S omnand
I I 51 T i %[l &5 57280 R :
I I 82 i i =0 = 6165 root 20 0 36l 57124 R 0.0 0:06.06 /apt/co
L0 T 53 i T A 3 p6215 root 20 0 135H 0,0 0:05,18 /opt/co
i T 54 i i” o 52 6105 root 20 0 135M 571 0.0 0:05,24 /opt/co
i i 55 i 1 {0 roat 20 o 35M 57192 R 53,1 0,0 0:05.69 /opt/co
T T % I e s 5333 _roof 1361 57336 R 52,4 0.0 0:03.7
10 I 57 i H‘ | 1m2m34557
1 I 58 T A !
I I I ;H” : :
| I I I 11111005 i
; | 5 L I I 111 0670
X | 6 I I I FH 100 100,02 110002 11100, 0%
i | 7 LT I I 111111005 11100,0% 11100, 0%
1100,0% | 5 T I I " 11100,0% 11100,0%
| 9 I I I i 11200,0%
| 0 T I I ;H I
| 1 T I I i 111000
| 2 LI I1TTHT1200,02 I i 11200,
| 93 20 LI L 4 L m 11100,
| 34 2 [HEEEnng L L0 0 L I 11100, 02
| 95 23 1111111200021 47 L11111200.021 78 I i 11100,0:
| % 24 [II111I11200,02] 48 [I111111 I i 11200,0%
I 1110007 8
Henl |1 g : 474, 988 thr; 9% rurning o0z] 85
Sup| 296K/180G]  Load average: 187.48 175,54 95.36 H}“‘~‘~“; H}“‘~‘~“; = H““‘ 0%
- Uptine: 7 days, 09:58:37 100,0% 100,02 a7 100,02
1 6.8% 13.6% 1.37] 43 0.0 y 11100, 07 11100, 07 ?
2 [ o 7.0% 2.62] 50 [ 0.62 5 m}‘ﬂ:"ﬂ,\‘ 11100.02 11100,02] &3 umu,u:
3 [ 2.6% 3.3% 0.02] 51 0.0 < I 11100, 02 11200,02] 90 [11100,02
4 [ 123 10,32 3.8% 0.0% il 11100,02 #1 9L [11100,0%
5 [l 5.87 1122 4.57 0.0%
6 [l 10.82 8.2% 13.6% 2.5% 5 L
7 0 5.7 10.4% 7.1% 0,07 s [l
8 [l 1162 1,32 6.5% 0.0% 7 I
9 [l 13.0% 0,62 0,02 0,0% 8 LIl
10 [ 9,67 0,02 0,62 0,0% 3 i File Hosts Send runnin
g L 13% gg: f,ﬁ I 12.25 o Load aver‘age‘%{mm%b‘l
X 8.9% 0,07 0.021 61 [l 5.8% 2o DRI (M IS
Wl 123 3.82] 46 [ 6.221 62 [I 1.32 13 1l
15 [I11 12.8% 32.5: 47 [l 6.42] 63 [I 6.4% 44 [ 6
16 0,02 o0z] 48 [11111200,0:1 64 [I 3.2 15 L 56489 root 57308 R 57,8 0,0
Heall1 TN T128, 15/3771‘ Tasks: 310, 1641 thr: 7 running i* H 56474 root 58208 R 57.2 0.0
2,936/ ge: 11,90 7,37 6.31 Lo  J55669 root 139M 58352 R 53,3 0.0
203 days(!), 10:50:55 13 [l 56212 root 136M 57336 R 52,7 0,0
o ity 55659 root 140H 59092 F 50,8 0.0
el 614- D7 thes S Py 58127 root 1374 58244 R 50.1 0.0
jliree gortBugilice §




Using Open Source to crunch big EO data Cﬂpte!‘pesho o
'&\ 5) Cloud-optimized geotiff production
GDAL (gdalbuildvrt + gdal_translate / gdalwarp)

—- s IR R

¥i

. e

- 23,116 tiles
l1. Split tiles across the nodes (Slurm array id)

D & &
:: B :: docker Node 1 docker Node 2 For every_t_il_e
=11l HH o
H g 2) Read input data
5 I U r m dg; Node 3 dg, Node n {3) Execute data analysis (in parallel)
Reading (http) t Writing (S3) ‘ 4) Write output data (individual files)
S3 service
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