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Methodology

River dlscharge_ data'? Atmospheric forcing: gridded time series of Precipitation & Temperature
: Well established products available through atmospheric and climate research.

Assembled from public \ / \

available data sources.
| Qs = (Tn(Ps t) Tn(Ts t)
/ \

Unknown function (%) (Xs,t) — [Xs,t: Xs,t—l» - Xs,t—)l]
Random Forests are used for estimation.
Other machine learning algorithms
have similar performance.

Time lag operator

Similar to approaches for phase space
reconstruction of non-linear dynamics.

1Do, Gudmundsson et al., Earth Syst. Sci. Data., 2018.
2 Gudmundsson et al., Earth Syst. Sci. Data., 2018. 3
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Abstract. Freshwater resources are of high societal relevance, and understanding their past variability is vital
to water management in the context of ongoing climate change. This study introduces a global gridded monthly
reconstruction of runoff covering the period from 1902 to 2014. In situ streamflow observations are used to train
a machine learning algorithm that predicts monthly runoff rates based on antecedent precipitation and ter
ature from an atmospheric reanalysis. The accuracy of this reconstruction is assessed with cross-vali”®
compared with an independent set of discharge observations for large river basins. The presente”

on average better with the streamflow observations than an ensemble of 13 state-of-the o~

model runoff simulations. We estimate a global long-term mean runoff of 38452k
previous assessments. The temporal coverage of the reconstruction offers an v~
features of runoff variability in regions with limited data coverage, mak? o

hydro-climatic process studies, water resource assessments, and &
models. The paper closes with example applications fosterir

ics, interannual variability, drought propagation and the . Ihe
GRUN dataset is available at https://doi.org/10.60° P “
a\ .t international initiatives promoted the
aing inter-comparison projects with the aim

1 Introduction
- the representation of the terrestrial water cycle in
_at hydrological models (Dirmeyer et al., 2006; Dirmeyer,

Water is one of the mr-
human developmer’
plies, agricul*- 2011; Haddeland et al., 2011; Harding et al., 2011; Van Den

ture safety an e Hurk et al.. 2011; Warszawski et al.. 2014; Van Den Hurk et
tion is currenti, ¥ Oros- al., 2016; Schellekens et al., 2017) as well as to develop tools
marty etal., 201L .en and Hoek- to refine regional hydrological predictions in data-sparse re-

stra, 2016), and a1 -« of the World Eco- gions (Sivapalan, 2003; Blisschl et al., 2013; Hrachowitz et
nomic Forum (WE} walter crisis as one of the al., 2013). In the meantime, a widespread decline in the num-
largest global risks i ot potential impact and likeli- ber of streamflow monitoring stations has also been reported

hood. While river flow ... regularly used to assess regional re-
newable freshwater resources (Vorosmarty et al., 2000; Oki
and Kanae, 2006; Veldkamp et al., 2017; Munia et al., 2018),
there is to date no publicly available global dataset providing
observation-based estimates of the evolution of runoff and
river flow throughout the 20th and the early 21st centuries. In

Published by Copernicus Publications.

(Shiklomanov et al., 2002; Fekete and Vérosmarty, 2007;
Fekete et al., 2012, 2015; Laudon et al., 2017) and alternative
estimates of streamflow are thus needed for reconstructing
past large-scale runoff variability, not only during the begin-
ning of the century but also in recent decades.

Ghiggi et al., 2019, Earth Syst. Sci. Data

(a) Long-term annual runoff
i
>
€
E
=
o
{ =
=
i
[

Jan
Feb
(c) Month with maximum runoff oct . Mar
Apr
May
Jul Jun



https://essd.copernicus.org/articles/11/1655/2019/
https://essd.copernicus.org/articles/11/1655/2019/

An ensemble of atmospheric forcing data
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Meteorological Forcings Spatial Temporal Reference
resolution resolution
CRU TS v4.04| 0.5° monthly Harris et al., 2020
PGFv2 0.5° 3-hourly Sheffield et al., 2006
GSWP3 0.5° 3-hourly Kim et al., in prep.
GSWP3-EWEMBI 0.5° 3-hourly Mengel et al., 2020
GSWP3-W5ES 0.5° 3-hourly Mengel et al., 2020
PGFVI I 0.25° 3-hourly He et al., 2020
WFDEImmm 0.5° 3-hourly Weedon et al., 2011
MERRAZI T 0.5° x 0.625° 3-hourly Gellaro et al., 2017
MERRAZ* I » 0.5° x 0.625° 3-hourly Reichle et al., 2017
ERA-InterimII 0.25° 3-hourly Dee et al., 2011
WFDEI-CRUIIIII 0.5° 3-hourly Weedon et al., 2014
Interpolated stations WFDEI-GPCCIII 0.5° 3-hourly Weedon et al., 2014
88 Reanalysis _ EWEMBI v1.1 0.5° 3-hourly Lange et al. 2019
T gt:’s:;:)tric:lz-‘zslsed reanalysis ERA-Interim/Land Iy 0.25° 3-hourly Balsamo et al., 2015
MSWEP V2.2 0.1° 3-hourly Beck et al., 2019
ERAS 0.25° hourly Hersbach et al., 2020
WFDES-CRUIIIIIaaay 0.5° hourly Cucchi et al., 2020
WFDES-GPCCIIII 0.5° hourly Cucchi et al., 2020
AQERAS I 0.1° daily Boogaard et al., 2020
ERAS-Land [ » 0.1° hourly |Munhoz-Sabater et al., 2019




Benchmarking using river basins not used for calibration

® G-RUN ENSEMBLE MMM ] Data-driven Hydrological Models (G-RUN)
m G-RUN ENSEMBLE member

= GHMs MMM ] Classical Global Hydrological Models (GHM)
m GHMs

Selected river basins
Albany River (Northern Ontario) (GSIM ID: CA 0001982)
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Click the buttons !
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Global statistics - Runoff

* The spread between G-RUN ENSEMBLE estimates is much smaller than GHMs
* Orange shadings represent the uncertainty of each G-RUN ENSEMBLE member

a) Global annual runoff
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A first look at the new data — Long-term mean

(a) MMM runoff long-term mean (b) Uncertainty in runoff LTM

Runoff [mm year'] Coefficient of variation [-]
50 100 500 1000 5000 0.1 0.2 0.3 0.5 1
Small uncertainty Large uncertainty
across G-RUN members across G-RUN members

Ghiggi et al., in review.



A first look at the new data — Interannual variability

(c) MMM runoff interannual variability (d) Uncertainty in runoff IAV
R PR T T co

Coefficient of interannual variability [-] Coefficient of variation [-]

0.2 0.3 0.5 0.7 1 1.5 0.1 0.2 0.3 0.5 1
Regions more exposed Small uncertainty Large uncertainty
to droughts ? across G-RUN members across G-RUN members

Ghiggi et al., in review.



A first look at the new data — Trends

(e) ()

Runoff percentage change [%] (over 1971-2010) Sign change agreement
-100 -75 -50 -25 0 25 50 75 100 50 60 70 80 90 100
Drying Wetting Disagreement Agreement
across G-RUN members across G-RUN members

10
Ghiggi et al., in review.



Runoff — G-RUN

Click HERE to
display the GHMs

runoff estimates

Click HERE to
display
precipitation

Find differences
and correlations !

Ghiggi et al., in review.

(a) MMM runoff long-term mean (b) Uncertainty in runoff LTM
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Runoff — GHMs

Click HERE to
display the G-RUN

runoff estimates

Click HERE to
display
precipitation

Find differences
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and correlations !

(a) MMM runoff long-term mean (b) Uncertalnty in runoff LTM

Runoff [mm year™'] Coefficient of variation [-]
< : _ : .y
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G-RUN EWEMBI v1.1 G-RUN WFDES5-GPCC G-RUN GSWP3

- Differences across G-RUN ENSEMBLE members
BIAS

G-RUN ENSEMBLE MMM
is used as reference

R2.0m Using G-RUN ENSEMBLE MMM as reference

Ghiggi et al., in review.
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G H M S — R2 WRR2 MMM ISIMIP2a-WFDEI MMM WRR1 MMM
- Differences across GHMs L

G-RUN ENSEMBLE MMM
is used as reference

R2 using G-RUN ENSEMBLE MMM as reference

0.0 0.2 0.4 0.6 0.8 1.0
Ghiggi et al., in review. The dynamics differ from G-RUN ENSEMBLE The dynamics agree with G-RUN ENSEMBLE



Shed light on freshwater dynamics

a)

Latitude

O

MEI index =~

(2)
-

Ghiggi et al., 2019.

Hovmoller Diagram
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Summing up G-RUN ENSEMBLE

v'Data-driven runoff modelling at large scales

v'Century-long global runoff reconstructions

v'Performs on average better than classical GHMs

v'Quality of runoff simulations depends on accuracy of forcing data
v'"GHMSs are much more sensitive to bias in forcing data

v'The multi-forcing nature of the ensemble helps to quantify uncertainties
related to the quality of atmospheric data

v Allows for:

e Robust and reliable water resources assessments
e Evaluation, calibration and refinement of GHMs
* Climate change attribution studies

16
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Model ability to predict at ungauged cells

Two cross-validation experiments:
- CV-SREX omits observations over entire sub-continental SREX regions ) Test extrapolation ability
- CV-SPACE omits randomly 10% of the grid cells > Proxy of G-RUN accuracy

CV - SPACE

( D .

Ghiggi et al., 2019.
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Same forcing (GSWP3) — Different GHMs

Optimal Skill
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Benchmarking using river basins not used for calibration
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Benchmarking using river basins not used for calibration

NSE Hzanum I:lz\':lim
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Global statistics - Precipitation

a) Global annual precipitation b) Precipitation LTM ¢

Precipitation I1AV
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Precipitation

Precipitation [mm year™'] Coefficient of variation [-]

100 500 1000 5000 0.1 0.2 0.3 0.5 1

(c) MMM precipitation interannual variability
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Coefficient of interannual variability [-] Coefficient of variation [-]
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Find differences
and correlations !
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Precipitation

Precipitation [mm year™'] Coefficient of variation [-]
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(c) MMM precipitation interannual variability
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Temperature
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