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@U You can’t manage what you don’t measure (Peter Drucker)

60.000
Data base GPCC's Products L |
(total number of stations used, status Apr 2015 Near real-time and non real-time data

. Full Data

Reanalysis
V.7

Full Data
Reanalysis
V.6

Number of Stations
(=
o

‘\

Soccer pitch

rrrrrrrrrrrrrrrrrr

Number of GPCC stations in time
https://psl.noaa.gov/data/gridded/data.gpcc.html

« Ground observations are declining everywhere (WMO, 2020)
« QObservations of evaporative fluxes and soil moisture are rare

» Observations of irrigation are mostly absent (Massari et al. 2022, RS)
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. Kidd et al. (2017)




@U The era of Earth Observation data from satellites:
challenges and opportunities
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Which are opportunities offered by the new Earth Observation data?
And, which the main challenges?
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= Sentinel-1 y°VV, y'WVH C-band; ..

Revisiting time 6 days (1A +1é) - now. 12 dgys

Spatial resolution <1 km

1. How much water is used for irrigation
2. Improving the representation of pre-storm soil moisture
3. Correcting orographic precipitation
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CE:GU How much water is used for irrigation

a Global irrigation water withdrawals b Global irrigation water consumption
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* Models omit explicit representations of human decision-making (people often  —
do not irrigate in agronomically ideal ways) T -
» Models lack representation of water infrastructure and management = “g’
« Simulation of crop growth, including evapotranspiration, phenology and o £
cropping calendars, and water and nutrient limitation, contain myriad s g

uncertainties
5

Massari et al. 2022. RS



EGU Improving representation of irrigation in land surface models (1)

Water Cloud Model (Attema et al. 1978)
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EGU Improving representation of irrigation in land surface models (2)
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Poor correlations likely due to interactions between soil moisture correction
and irrigation activation and to too small revisit times of Sentinel 1
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Research shall focus on ER O .
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@U Improving representation of irrigation in land surface models (3)
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EGU Importance of pre-storm soil moisture in flood forecasting

Recent Emilia Romagna Floods
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EGU Coarse scale satellite soil moisture data assimilation to improve flood
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@U Sentinel 1 backscatter observations in flood modelling
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@u The revisit time for small basins is important
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SWAT Hydrological
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central Italy (area < 200
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Azimi et al. (2019)
Journal of Hydrology
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moisture into MISDc 2L
model (Massari et al. 2018)
in a basin with response
time of 12 hours

De Santis et al. 2023
ESA Report SLAINTE
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@U Challenges in estimating orographic precipitation

Uncertainty of snow estimates in
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Can we correct mountain precipitation with Sentinel-1 data?



CE:C:.'-U Correcting orographic precipitation enhancement via Sentinel 1

Article | Open Access | Published: 11 October 2019

Snow depth variability in the Northern Hemisphere

mountains observed from space

Lievens et al. (2019), NC
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EGU Correcting orographic precipitation enhancement via Sentinel 1
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@u Take home message

The growing amount of satellite data offer new opportunities for many fields of

hydrology, eco-hydrology and related disciplines (we focused here on SAR
applications)

New high resolution Earth Observation data are viable solutions for overcoming
model weaknesses in the representation of natural and human processes (e.g.,

irrigation) and can complement current gaps in ground based networks but there are
still many challenges

Limitations are for the revisit time of current missions (currently 12 days for Sentinel
1), noise and complexity of retrieval of SAR data

New opportunities will come from future NASA NISAR and ESA ROSE-L missions
that will provide new L-Band data (but will not fill the gap of sub-daily revisit times)
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