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Earth observation data and machine learning are
not fully exploited for hydrology

» nature communications » articles » article

Water Resources Research' Water Resources Research

Article ‘ Open Access | Published: 13 October 2021
rechnical Reports Methods @ openaccess @ @ Commentary B Free Access From calibration to parameter learning: Harnessing
the scaling effects of big data in geoscientific modeling

Toward Improved Predictions in Ungauged Basins: Exploiting the What Role Does Hydrological Science Play in the Age of Machine

Power of Machine Learning Lea rning? Wen-Ping Tsai, Dapeng Feng, Ming_Pan, Hylke Beck, Kathryn Lawson, Yuan Yang, Jiangtac Liu & Chaopeng
Shen™

Frederik Kratzert, Daniel Klotz, Mathew Herrnegger, Alden K. Sampson, Sepp Hochreiter, Grey S. Nearing B, Frederik Kratzert, Alden Keefe Sampson, Craig S. Pelissier, Daniel Klotz,

Grey S. Nearing p2q Jonathan M. Frame, Cristina Prieto, Hoshin V. Gupta Nature Communications 12, Article number: 5988 (2021) | Cite this article

First published: 23 November 2019 | https://doi.org/10.1029/2019WR026065 | Citations: 159 16k Accesses | 30 Citations | 72 Altmetric | Metrics

First published: 13 November 2020 | https://doi.org/10.1029/2020WR028091 | Citations: 109

We want to make good use of available EO data to formulate hydrological predictions.

Deep learning can learn from big data, while hydrological models work better if calibrated
locally, on individual basins.

The machine learning and the hydrology communities are still distant, but there is a lot they
can gain from each other.
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Early Warning for Hydrological Drought

HOW

Combining deep learning with the

WHAT WHY

Generating a drought early To support public authorities in

process-based model WFLOW

warning system for Alpine water resources management
(Deltars) and satellite observations

catchments under water scarcity

conflicts on water use for
hydroelectric power
production and for agriculture,
or water use restrictions

Space

Time

Past to NRT: reproducing timeseries of hydrological variables, possibly
reproducing the current situation in NRT

Near future: predicting hydrological variables and drought occurrence
2 weeks to 2 months in advance based on sub-seasonal climate

forecasts
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Deep learning in place of traditional calibration
for large scale applications

S /\\_/\ » Deep learning can increase the
efficiency of model calibration and

model generalizability

» The loss function can be defined
ARTICLE ) Sherk o pdels over the entire training dataset,
defining a global constraint

From calibration to parameter learning: Harnessing

the scaling effects of big data in geoscientific > Deep learning can learn scale
modeling dependent input-output
relationships from large datasets at

6,7
' large scale

Wen-Ping Tsai® |, Dapeng Feng!, Ming Pan® 23, Hylke Beck® #, Kathryn Lawson® "°, Yuan Yang

Jiangtao Liu' & Chaopeng Shen® 5™
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Surrogate model workflow

» The deep learning model emulates the process-based model, to keep the physics of the model

Static input data:
*  Model parameters

Dynamic input data:
* Temperature
* Precipitation

This step is needed to
* Evapotranspiration

. LA support a differentiable
workflow and to save
\ 4
Deep learning model training l Loss I computational time
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Parameters estimation workflow

» The parameters of the hydrological (surrogate) model are estimated based on historical observations and static inputs
minimizing a loss function between model output and observations

* Downscaled climate
reanalysis

Output variables

(streamflow, soil

v Al e el g Surrogate moisture,
reflectances . o
B hydrological evapotranspiration)
: model
River basin v
characteristics:
* Land cover @g
composition
and hydraulic
properties i ; ;
) Observations (satellite
We could exploit surface +

estimates of

----- hydrological variables

and measured
streamflow)

root zone soil moisture

: generated by TU Wien
_____ Observational datasets: from Sentinel-1

e Soil moisture
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Drought prediction

» Drought indices estimated from river discharge and soil moisture will be used to
predict drought conditions

* Downscaled climate reanalysis ‘ : Streamflow,
* Estimated model parameters ool e soil moisture,
* Other dynamical input (LAI) evapotranspiration

v

4 Anomalies h
with respect to
normal
\_ conditions )

A

Drought prediction

Streamflow,
soil moisture,
evapotranspiration

* Downscaled seasonal forecasts
* Estimated model parameters
e Other dynamical input (LAI)

A\ 4

“}*&3\_}& y 4 -
Surrogate model
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WP7 —T7.5 thematic modules

The InterTwin thematic module
T7.5 Earth Observation
Modelling and Processing will
develop the necessary building
blocks to run Digital Twins based
on EO data, with openEO as the
driving technology.

open
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openEO data indexing module

» Create a well define component capable of indexing datasets generated by other
components of the Digital Twin Engine (DTE) or coming from project partners.

S2_L2A_ALPS

Sentinel-2 L2A over the Alps

COPERNICUS

Raster Data

Description

Sentinel-2 L2A data processed using Sen2Cor over the Alps. This collection includes the UTM tiles
T3MTRLT3MTRKT3ATRLT31TG,T3MTCK T3 1TCL T31TGM,T32TLR T32TLQ,T32TLR, T32TLS, T32TMP,T32Th
This collection includes all the Sentinel-2 bands in 10 meters resolution and a CLOUD_MASK band
M generated by s2cloudless, where the clouds have values 1 and no clouds 0. The original bands that
0 p e n E O Co e Ct I O n would have 20m or 60m resolution have been resampled to 10m using a nearest neighbor

interpolation automatically by ODC.

STAC Catalog

»

openEO data

License

indexing module

CC-BY-4.0

Spatial Extent

S Karsruhe
Name ~ | Size Modified

S an
» {3 S2A_MSIL1C_20210718T103031_N0301_R108_T32TLR_20210718T124503.5AFE  Biters 19 Jul 2021 = ri
= B fourg t S Bud
» [ S2A_MSIL2A_20150806T102016_N0204 RO65 T32TLR 20150806T102012.5AFE 10 items 7 Aug 2020 b . ol
Magyararszd
» [£] S2A_MSIL2A_20150826T102026_N0204_RO65_T32TLR_20150826T102655.5AFE 10 items 27 Aug 2020 2 3 ) Mardich P et
s
b (2 S2A_MSIL2A_20150829T103026_N0204_R108_T32TLR_20150829T103705.SAFE 10 items 7 Aug 2020 gk e van e z cbory
» {0 S2A_MSIL2A_20150908T103036_N0204 R108 T32TLR 20150908T103707.SAFE 10 items 27 Aug 2020
Tila
b (2 S2A_MSIL2A_20150925T102026_N0204_R065_T32TLR_20150925T102659.5AFE 10 items 8 Sep 2020
== v L rcegovina -
Haw
» S2A_MSIL2A_20151124T102342_N0204_R065_T32TLR_20151124T102339.5AFE 10 items 9 Aug 2020 anjeies e Monipm o e g rosuna
» (5 S2A_MSIL2A_20151207T103422_N0204_R108 T32TLR_20151207T103726.SAFE 10 items 8 Aug 2020
» {55 52A_MSIL2A_20151217T103442_N0201_R108_T32TLR_20151217T103436.5AFE 10 items 30 Aug 2020
b (5 S2A_MSIL2A_20151227T103442_N0201_R108_T32TLR_20151227T103703.5AFE 10 items 5 Sep 2020
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openEO executor module

openEO will be used in different digital twins and for different objectives.
Need to define how the openEO workflows interact with the other components of InterTwin.
For this reason, we need a thematic module specialized in running openEO process graphs.

The result could be

JSON pro Run openEO Processed result = used as input of the

> indexing module,
becoming a new
openEO collection

process graph

SENTINEL1_GRD #loadcollection1! @ B ¥ i & sar_backscatter OEFiF save_result

spatial_extent: Bounding Box o coefficient: gamma0-terrain
temporal_extent: 2019-10-10, 2019-10-10 i l:

A possible workflow defined as an openEO process graph could be
Sentinel-1 backscatter generation, starting from GRD data.
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Deep learning for climate downscaling

Set up of a flexible deep learning framework for downscaling
different climate variables on different temporal scales

Tailored forecasts for the use-case modelling Improved assessment of future climate change
on drought (WP4.6) and impacts of extreme events (WP4.7, WP7.4)
. Downscaledciimate | | ... | Eeeesssmsmmmm 4 !qoGlobalcimate Iit;g_i;:;a_l_c_li;‘i_a_t;_i i ilori E
reanalysis Streamflow, | :
+ Estimated model —> AT soil moisture, : Statistical :
parameters DL model evapotranspiration b ‘ : R :
* Other dynamical input /_"_\ : *I GCM/RCM bias |
Anomalies / | correction :
with :
respect to Drogght ‘ :
normal prediction ! !
conditions 'Hydrological modellingi
* Downscaled seasonal ;“—/ e E L e !
forecasts Streamflow, impacts, decision : s :
* Estimated model ‘ soil moisture, support for ‘,_ i T :
parameters evapotranspiration adaptation, etc. : =5 :
* Other dynamical input DL model : _-\ - :

Olsson et al. (2016)
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Deep learning for climate downscaling

. _ . S
Atmospheric Deep Learning Network High-resolution fields of
additional | meteorological variables
- 5 3 = = =1 2 2 =2 2 =2 =R =z =
predictors
+ + + + + + w + + + + + + + + + +
’f‘ & T z z .F z 'z E z z £ z 'z E o Z Z v Z Z o Z Z v Z Z
.swﬂ Rt m Mg m Mg m Mg m /g = /@ m = /A M/ = M@ M = mm
- .\ S TS D TS T O O R
1550 7] y g 4 g 4 2 2 g d 2 g 2 g9 d
A — 3§82 882 88%F 882 B8& EE&§ 88 588

iiiii

EaY I
Input Convlxl

i Encoder Decoder
_‘ =open
Inputdata SSECMWF DL Architecture python Outputdata ENEO
* Predictors (depending on application):  « Qptimized feature selection « Temperature, precipitation, wind
ERA5/SEAS5/CMIP (30-100 km) * Optimized DL scheme for specific variable speed, ...
DEM * Comparison with benchmarking schemes * Integration in OpenEO
* Reference: Copernicus European * Transferability, Reproducibility, Interpretability * Validation of mean and extreme values

Regional ReAnalysis (CERRA, 5.5 km)
13
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“Observations”: High resolution evapotranspiration

» ET estimation from ESA Copernicus data by the Two-source Energy Balance Model

O
{V4DMED
vV Po basin, Italy AW sentinel-3 &’ sentinel-2 £ ECMWF
Herault basin, France SlLiTR :\/IS)I 3E1Rﬁ5
m 20(10) m m
Land Surface Temperature Vegetation Meteo
@ daily -
@ 100 m ‘ : AN )
() 2017-2021 - =2 s gt
( N
et eodc €
Ebro basin, Spain \researCh CloudFerroJ

Medjerda basin, Tunisia
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Thank you for your attention
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