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Accurate assessment of global river flows and stores is critical for informing
water management practices, but current estimates of global river flows
exhibit substantial spread and estimates of river stores remain sparse.
Estimates of river flows and stores are hampered by uncertaintiesin

land runoff, an unobserved quantity that provides water input to rivers.
Here we leverage global river flow observations and an ensemble of

land surface models to generate a globally gauge-corrected monthly

river flow and storage dataset. We estimate a global river storage mean

(+ monthly variability) of 2,246 + 505 km?® and a global continental flow

of 37,411 + 7,816 km?® yr'’. Our global river water storage time series
demonstrates that flow wave residence time is afundamental driver that can
double or halve river water stores and their variability. We also reconcile the
wide range in previous estimates of monthly variability in global river flows.
We identify previously underappreciated freshwater sources to the ocean
from the Maritime Continent (Indonesia, Malaysia and Papua New Guinea)

amounting to 1.6 times the Congo River and illustrate our capability of
detecting severe anthropogenic water withdrawals.

Rivers are considered the most renewable, most accessible and, hence,
most sustainable source of freshwater. Accordingly, several studies
have sought to quantify the water in our world’s rivers'?°. Yet, sur-
prisingly little is known about the average and temporal variability of
global river water storage, as well as the temporal variability of global
river flows. Nearly all estimates of global river water storage' > 71>?°
trace back to areport published as part of the UNESCO International
Hydrological Decade from1965to 1974 (ref. 2), and only one study quan-
tifies temporal variability*°. Notably, to our knowledge, there are no
previously published time series of global river storage. Arecent study
mentioned such computations, but it focused on their participation

in total terrestrial water storage variability’’. Meanwhile, estimates of
average global river flows are ubiquitous'™’; however, the temporal vari-
ability of flows has received much less attention and reported values
have considerable spread">'®". Consequently, our understanding of
global river water storage and of temporal variability of global river
flows has so far been limited. A more complete characterization of
global historical river discharge and water storage is therefore critical
to advancing our understanding of the world’s waters.

In situ stream gauges around the world provide key information
on the spatial and temporal distribution of river discharge. However,
the spatialand temporal coverage of in situ measurements are severely
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Fig.1| Global 30-year meanriver discharge, corrected using mean
observations. a, Corrected global river discharge estimates. Black arrows
point to locations that result in negative river discharges, which are indicative
ofthe human footprint on the water cycle. b, The difference between corrected
and uncorrected estimates. Green areas indicate positive differences and,

therefore, locations where the corrected simulations resulted in greater
discharge estimates than uncorrected. Brown areas indicate negative differences
and, therefore, locations where the corrected simulations resulted in smaller
discharge estimates than uncorrected. Crosshairs in Antarctica indicate no data.
Maps created in QGIS, using graticules from Natural Earth.

limited. Gauges are sparsely distributed globally, with placement bias
towards specific environmental conditions (for example, large rivers?).
Moreover, data sharing constraints across political boundaries, in
combination with a worldwide decrease in stream gauge reporting,
have further constrained the amount of river discharge observations
available for scientific research®2¢, Modelling approaches such asriver
network routing, which at global scales commonly uses gridded runoff
from aland surface model (LSM) as input, can be used to seamlessly
estimateriver discharge and water storage around the world, including
inungauged basins?. Yet, the quality of river water estimates produced
fromthese modelsis greatly influenced by the resolution of the under-
lying hydrography® and by uncertainties present in the input runoff
data®. For global river discharge and water storage estimates to be
most useful, the uncertainties in these simulations must be constrained
by observations®®*°, Substantial progress has been made to correct
for uncertainties and biases from runoff inputs that influence river
discharge outputs in regional, continental and global river network
routing®®°33, However, the majority of past correction approaches
are either computationally expensive®—limiting the geographic extent
over which they canbe applied—or rely on modelled reference data that
contain errors®**°*?, Given that surface and subsurface runoff are not

directly measurable at the global scale, discharge observations from
in situ stream gauge networks provide the closest proxy. Seeking to
combine the strengths of models and in situ observations, one study
leveraged runoff fields and observations at river outlets (that is, a
‘hybrid’ approach) to generate global discharge estimates™. However,
surprisingly, aglobal hybrid methodology has yet to be developed that
leverages gauges beyondriver outlets to produce high-resolution esti-
mates of river discharge that are spatially seamless and match average
monthly observations where available. In this Article, we derive sucha
method and apply it to generate the first globally corrected monthly
river flow and storage dataset, which we name Mean Discharge Runoff
andStorage (MeanDRS). Using MeanDRS, we quantify total discharge to
the ocean, reconciling the wide range in previous estimates of monthly
variability in continental flow. Our study also identifies previously
underappreciated freshwater sources to the ocean, and produces the
firsttime series of global river water storage, demonstrating residence
time as afundamental driver of river water stores.

Global discharge aided by observations
We used a global database of monthly discharge observations at 998
locations along with monthly runoff outputs from an ensemble of LSMs
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Fig.2|Monthly variability in total discharge to the global ocean (except for
Antarctica and endorheic basins). Uncorrected and corrected global monthly
discharge accumulated into the ocean for 1980-2009. The estimated average
isindicated as horizontal coloured dotted (uncorrected) and solid (corrected)
lines. Anarrow in proportion to the plot units on the left interior of the plot
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indicates temporal variability (that is, one standard deviation). Previous long-
term estimates in the literature (2009 and after) are indicated with agrey line and
associated reference on the right exterior. Additional previous estimates in the
literature before 2009 are included in Extended Data Table 1.

for1980-2009 to bias-correct simulated runoffand route it througha
recent high-resolution river network containing -3 million reaches**°.
Our novel bias correction approach, called long-terminverse routing
(LTIR; Methods), compares average discharge simulations and average
observations to calculate temporally constant multiplicative correc-
tionfactorsforrunoffinallriver reaches located upstream of available
discharge observations. These corrections are then applied at each
time step to generate global 30-year (1980-2009) corrected monthly
estimates of mean river discharge extrapolated from and consistent
within situ observations. We evaluated the geographic distribution
of common discharge metrics (for example, normalized bias, Nash-
Sutcliffe efficiency (NSE)) at the monthly time scale (Extended Data
Figs.1-3) and found that the bias-corrected estimates provided abetter
statistical match to observed discharge at gauges than uncorrected
estimates; 99% of the 998 gauges showed no normalized bias (the dif-
ferencebetweensimulated and observed temporal average, relative to
the observed temporal average), as expected frombias correction (see
‘Model validation’ sectionin Methods for an explanation of the remain-
ing1%). Our corrections also led toimprovementsin other metrics: 55%
of gauges showed improvements in normalized standard deviation of
error (NSTDERR), 75% in normalized root mean square error (NRMSE)
and 75% in NSE (ameasure of how well the simulated time series matches
the observed). The improvements in simulation metrics are further
visually confirmed by discharge time series (see Extended Data Fig. 4
for example hydrographs before and after correction). More details
are provided in Methods and Supplementary Information, including
independent validation results.

Evaluating the sign and magnitude of our corrections along with
the spatial distribution of river discharge estimates globally enables us
to understand and visualize theimpact of our gauge-based corrections
(Fig. 1). Global estimates of river discharge averaged across 30 years
of monthly simulations ranged from 0t0192,683 m*sacross all river
reaches for uncorrected simulations (Extended Data Fig. 5). Using
our LTIR approach (Methods), we developed multiplicative runoff
correction factors for 29% of river reaches globally. The remaining
71% of river reaches were not located upstream of a gauge used in this
analysis. Correction factors can be positive or negative. Positive fac-
torsbetween Q0 and1leadtoadecreaseindischarge, and those greater

thanlleadtoanincreaseindischarge. Negative correctionfactorsare
indicative of hydrological inconsistenciesin the gauge network where
upstream discharge is greater than downstream discharge, that s, a
distinct fingerprint of anthropogenic water withdrawals. Note that the
magnitude of hydrological inconsistencies, and therefore withdrawals,
isadirectresult of gauge observations and can therefore be trusted. Of
the correction factors developed, 95% were positive (51% of which led
to adecrease in discharge and the remaining 49% to an increase) and
5% were negative. After applying LTIR and then propagating correc-
tions downstream via routing through the river network, 31% of river
reaches wereimpacted globally, whichis 918 times more river reaches
thangauges (the 998 gauges used in this analysis cover 0.03% of global
river reaches). Our average corrected discharge estimates ranged
from -12,064 t0 195,849 m>s™ (Fig. 1a), with negative discharges due
tothe aforementioned hydrological inconsistencies. These seemingly
erroneous negative discharge values are not only justifiable from the
mass conservation (that is, water balance) perspective, they also spe-
cifically highlight regions of the world characterized by intense water
management**¥, including water withdrawals: the south-western
United States, south-eastern Australiaand countriesin South America
(for example, Brazil, Peru and Colombia) and Africa (South Africa,
Botswana and Namibia; Fig. 1a). Our methodology can therefore be
used to detect severe anthropogenic water withdrawals.
Differencesin30-year averageriver discharge between corrected
and uncorrected simulations ranged from -20,432 to 63,694 m>s™
(Fig. 1b). Positive differences indicate that the average corrected
estimates are higher than the average uncorrected estimates, while
negative differences indicate that corrected estimates are lower than
uncorrected. Most of the world’s river reaches (69%) display no dif-
ference between average corrected and uncorrected simulations,
largely due to the lack of available gauge datain those locations. Posi-
tive differences (15% of river reaches) are located in northern Europe,
north-eastern and north-western United States (including Alaska),
Canada, Russia, Peru, Boliviaand portions of western Brazil, Argentina,
Chile, India, Australia, Japan and New Zealand. Negative differences
(16% of river reaches) are located across the southern and central
United States, central Canada, eastern Brazil, Argentina, Paraguay,
various countriesin Africa (for example, South Africaand Democratic
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Fig.3|Global ocean discharge by basin. a,b, Corrected estimates of global hydrologic contributors to average (a) and variability (b) of discharge accumulated into
the ocean for 1980-2009. Crosshairs in Antarctica indicate no data. Maps created in QGIS, using graticules from Natural Earth.

Republic of the Congo) and Europe (for example, Spain and Poland),
Iran, Australia and India. Note that using even just a few gauges (for
example, Africaand Australia; Extended DataFig.1) canlead to large dif-
ferencesin our estimates of basin-level discharge (Fig. 1b). Further visu-
alization of our corrections as a percentage of average river discharge
confirms spatial consistency in our correction factors for each gauge
subbasin, while also highlighting inland subbasins that underwent
large positive and negative corrections (for example, south-western
United States and Russia; Supplementary Fig.1).

We expect that the spatial information gained from our correc-
tions will be important for the land surface modelling community to
evaluate and calibrate simulated runoff outputs, an otherwise unob-
servable quantity. The corrected discharge canalso provide anestimate
ofthe state-of-the-artinglobal river discharge, offering future oppor-
tunities for comparison with the Surface Water and Ocean Topography
(SWOT) mission that has begun such retrievals from space”. SWOT may
also show similar evidence of severe water withdrawals—the spatial
coverage of space-based estimates from SWOT and sparser ground
observations used with LTIR can together be leveraged to document
and quantify the human footprint on the water cycle.

Total discharge to the global ocean
Given that continental river discharge into oceans is a key feature of
Earth’s water cycle, we summed all discharge values at coastal river

termini globally (with the exception of Antarctica) and plotted the
monthly time series for 1980-2009 (Fig. 2). After confirming that the
ensemble of LSMs outperforms simulations from any single LSM,
we found that the temporal average and monthly variability (that
is, standard deviation) of water discharged into the ocean from riv-
ers is 37,808 + 6,704 km® yr! (average + variability) for uncorrected
and 37,411+ 7,816 km® yr~* for corrected simulations. While the LTIR
approachresultsinlarge differencesin discharge at the river reach scale
(Fig.1b), uncorrected and corrected estimates produce similar results
whenglobally summed at the coast (positive and negative differences
canceleachother out onspatial aggregate), hence building confidence
inthe global sumevenif someregions did not benefit from corrections
due to lacking observations. Both uncorrected and corrected aver-
ages of total ocean discharge in our study are consistent with previous
estimates in the literature, which range from 29,485t0 45,900 km® yr!
(Extended Data Table1)' . These values are also encompassed within
our simulated monthly variability (Fig. 2). The topic of monthly vari-
ability in total discharge to the ocean has received much less attention,
and reported values range from 4,800 t0 16,164 km?® yr ™ (refs. 15,18).
Other studies did not report variability butinclude graphical time series
thatallow makingan inference (1,116 km® yr™ (ref.19) and 3,606 km?® yr™!
(ref.14)). The previously reported and inferred estimates are equivalent
toamonthly variability that is between 3% and 45% of the corresponding
reported temporal average (Extended Data Table1). Our own estimates
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of monthly standard deviations for uncorrected (6,704 km® yr™) and
corrected (7,816 km® yr'') are equivalent to 18% (uncorrected) and 21%
(corrected) of the temporal average and therefore are in the middle of
the limited number of prior studies. Yet, our comparison of coefficients
of variations between our simulations and observations (Extended
DataFig.3 and Methods) suggests that the magnitude of our discharge
variability generally matches observations (where available) and can
hence help reconcile the sizable range in temporal variability among
prior values.

We also estimated which hydrologic regions contribute most to
global discharge and variability (Fig. 3). Our findings are mostly con-
sistent with previous knowledge (Methods); however, we found that
the Maritime Continent (Indonesia, Malaysia and Papua New Guinea)
discharges 8% of the global total, that is, the equivalent of 1.6 times the
CongoRiver (5%). Little attention has been given to Maritime Continent
basins™'*" in previous global discharge studies; however, one study
found that the islands of Oceania and Southeast Asia are important
contributors of ocean discharge, thus supporting our finding'®. We
suspect the region might have escaped prior scrutiny in part because its
largest rivers and streams (including Mahakam, Kapuas, Sepik and Fly)
arepoorly observed (for example, Fly River is one of the largest rivers
intheworld, yetitis ungauged). Accounting for these large aggregate
water fluxes from the Maritime Continent could impact oceancircula-
tionmodels and change our understanding of carbon/sediment/solute
delivery tothe ocean. Note that, in our analysis, the Maritime Continent
did not benefit from corrections, and therefore the simulations were
not constrained by observations, which may influence the accuracy of
estimates. However, additional analysis further supports our finding
(Supplementary Text 5)*%%°,

Implications for river water storage

To provide a global assessment of the spatial and temporal variations
of river water storage, we produced monthly estimates for each river
reach (including those in endorheic basins), which we summed spa-
tially (Fig.4) and averaged temporally (Fig. 5). Our estimates of storage
dependonriver flow wave residence time and on the monthly discharge

at each river reach (see equation (15) in Methods). Residence time is
computed as river length divided by the speed (that is, celerity) of
river flow waves. Wave celerity—despite being unobserved—is per-
haps the most fundamental parameter of global river routing models,
and a range of values tends to be used at such scale*’. We used three
characteristic values for propagation speed (that s, celerity) for each
river reach with resulting residence times (short, medium and long) to
calculate arange of possible storage estimates. Note that our analysis
assumes spatial consistency inshort, mediumand long residence times,
while the world’s rivers and streams are likely to include a distribu-
tion thereof. This conscious assumption allows drawing lower and
upper bounds for potential storage and its temporal variability and,
hence, constrain expected values. We found that the global average
and monthly variability (standard deviation) of river water storage is
1,246 +225 km? (short residence time), 2,181 + 394 km? (medium) and
3,116 + 564 km® (long) for uncorrected simulations (Fig. 4). For cor-
rected simulations (also in Fig. 4), storage average and variability are
1,283 + 288 km?(short), 2,246 + 505 km? (medium) and 3,208 + 721 km?
(long).Bothuncorrected and corrected estimates of average water stor-
ageareinthe same order of magnitude relative to previous estimatesin
theliterature, which range from1,200 to 2,858 km?® (refs. 1-3,5-7,13,20).
Our storage estimates by basin (Fig. 5) are also commensurate with the
limited number of prior studies. For further evaluation of our estimates,
see Supplementary Text 7 (refs. 20,41).

The impact of wave celerity on discharge computations has long
been known*’. However, given the considerable range we found in
mean water storage across residence times (Fig. 4), we suggest that
knowledge of flow wave propagation celerity is as critical as river dis-
charge to accurately estimating global river water storage, which has
so far not been appreciated. Longer residence times (that is, slower
flow wave celerity) lead to larger estimates of mean global river water
storage, but also to greater temporal variability (Fig. 4). One of the
future challenges in global river water science is therefore bound to
be the accurate estimation of residence times, a globally unobserved
quantity that is currently determined from empirical equations®.
Ongoingsatellite measurements of changes in surface water storage”
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can be expected to narrow the likely range of variability, thus helping
refine understanding of wave propagation in Earth’s rivers, an unantici-
pated benefitbeyond SWOT mission requirements®. In turn, accurate
estimates of wave celerity may help support flood warning systems*.
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acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
availability are available at https://doi.org/10.1038/s41561-024-01421-5.

References

1. Nace, R. L. Are We Running Out of Water? (United States
Department of the Interior, Geological Survey, 1967).

2. Korzun, V. |. World Water Balance and Water Resources of the Earth
(USSR, National Committee for the IHD, Chief Administration of
Hydrometeorological Service, 1974).

3. Lvovich, M. |. World Water Resources and their Future (American
Geophysical Union, 1974).

4. Baumgartner, A. & Reichel, E. The World Water Balance: Mean
Annual Global, Continental and Maritime Precipitation, Evaporation
and Run-off (Elsevier, 1975).

10.

1.

12.

13.

Berner, E. K. & Berner, R. A. The Global Water Cycle: Geochemistry
and Environment (Prentice-Hall, 1987).

World Resources Institute. World Resources 1988-89: An
Assessment of the Resource Base that Supports the Global
Economy 374 (Basic Books, Inc., 1988).

Shiklomanov, I. in Water in Crisis: A Guide to the World's Freshwater
Resources 13-24 (Oxford Univ. Press, 1993).

Fekete, B., Vorésmarty, C. & Grabs, W. Global Composite Runoff
Fields on Observed River Discharge and Simulated Water Balances
(Global Runoff Data Centre, 2000).

Vorésmarty, C. J., Green, P., Salisbury, J. & Lammers, R. B.

Global water resources: vulnerability from climate change and
population growth. Science 289, 284-288 (2000).

Oki, T. et al. Global assessment of current water resources using
total runoff integrating pathways. Hydrol. Sci. J. 46, 983-995 (2001).
Dai, A. & Trenberth, K. E. Estimates of freshwater discharge from
continents: latitudinal and seasonal variations. J. Hydrometeorol.
3,660-687 (2002).

Syvitski, J. P. M., Vorésmarty, C. J., Kettner, A. J. & Green, P. Impact
of humans on the flux of terrestrial sediment to the global coastal
ocean. Science 308, 376-380 (2005).

Oki, T. & Kanae, S. Global hydrological cycles and world water
resources. Science 313, 1068-1072 (2006).

Nature Geoscience | Volume 17 | May 2024 | 433-439

438


http://www.nature.com/naturegeoscience
https://doi.org/10.1038/s41561-024-01421-5

Article

https://doi.org/10.1038/s41561-024-01421-5

14. Syed, T. H., Famiglietti, J. S. & Chambers, D. P. GRACE-based
estimates of terrestrial freshwater discharge from basin to
continental scales. J. Hydrometeorol. 10, 22-40 (2009).

15. Syed, T. H., Famiglietti, J. S., Chambers, D. P., Willis, J. K. &
Hilburn, K. Satellite-based global-ocean mass balance estimates
of interannual variability and emerging trends in continental
freshwater discharge. Proc. Natl Acad. Sci. USA 107, 17916-17921
(2010).

16. Clark, E. A., Sheffield, J., van Vliet, M. T. H., Nijssen, B. &
Lettenmaier, D. P. Continental runoff into the oceans (1950-2008).
J. Hydrometeorol. 16, 1502-1520 (2015).

17. Rodell, M. et al. The observed state of the water cycle in the early
twenty-first century. J. Clim. 28, 8289-8318 (2015).

18. Chandanpurkar, H. A., Reager, J. T., Famiglietti, J. S. & Syed, T. H.
Satellite- and reanalysis-based mass balance estimates of global
continental discharge (1993-2015). J. Clim. 30, 8481-8495 (2017).

19. Suzuki, T. et al. A dataset of continental river discharge based on
JRA-55 for use in a global ocean circulation model. J. Oceanogr.
74, 421-429 (2018).

20. Getirana, A., Kumar, S., Girotto, M. & Rodell, M. Rivers and
floodplains as key components of global terrestrial water storage
variability. Geophys. Res. Lett. 44,10,359-10,368 (2017).

21. Krabbenhoft, C. A. et al. Assessing placement bias of the global
river gauge network. Nat. Sustain. 5, 586-592 (2022).

22. Alsdorf, D. E., Rodriguez, E. & Lettenmaier, D. P. Measuring surface
water from space. Rev. Geophys. 45, RG2002 (2007).

23. Hannah, D. M. et al. Large-scale river flow archives: importance,
current status and future needs. Hydrol. Process. 25, 1191-1200
(2011).

24. Famiglietti, J. S. et al. Satellites provide the big picture. Science
349, 684-685 (2015).

25. Fekete, B. M. et al. Time for in situ renaissance. Science 349,
685-686 (2015).

26. Ruhi, A., Messager, M. L. & Olden, J. D. Tracking the pulse of the
Earth’s fresh waters. Nat. Sustain. 1, 198-203 (2018).

27. David, C. H. et al. River network routing on the NHDPlus dataset.
J. Hydrometeorol. 12, 913-934 (2011).

28. Lin, P. et al. Global reconstruction of naturalized river flows at 2.94
million reaches. Water Resour. Res. 55, 6499-6516 (2019).

29. David, C. H. et al. Analytical propagation of runoff uncertainty into
discharge uncertainty through a large river network. Geophys.
Res. Lett. 46, 8102-8113 (2019).

30. Yang, Y. et al. Global reach-level 3-hourly river flood reanalysis
(1980-2019). Bull. Am. Meteorol. Soc. 102, E2086-E2105 (2021).

31. Emery, C. M. et al. Large-scale hydrological model river storage
and discharge correction using a satellite altimetry-based
discharge product. Hydrol. Earth Syst. Sci. 22, 2135-2162 (2018).

32. Beck, H.E., de Roo, A. & van Dijk, A. 1. J. M. Global maps of
streamflow characteristics based on observations from several
thousand catchments. J. Hydrometeorol. 16, 1478-1501 (2015).

33. Pan, M. & Wood, E. F. Inverse streamflow routing. Hydrol. Earth
Syst. Sci. 17, 4577-4588 (2013).

34. Gleick, P. H. Roadmap for sustainable water resources in
southwestern North America. Proc. Natl Acad. Sci. USA 107,
21300-21305 (2010).

35. Huang, Z. et al. Reconstruction of global gridded monthly
sectoral water withdrawals for 1971-2010 and analysis of their
spatiotemporal patterns. Hydrol. Earth Syst. Sci. 22, 2117-2133
(2018).

36. Hou, J.,, van Dijk, A. I. J. M., Beck, H. E., Renzullo, L. J. & Wada, Y.
Remotely sensed reservoir water storage dynamics (1984-2015)
and the influence of climate variability and management at a
global scale. Hydrol. Earth Syst. Sci. 26, 3785-3803 (2022).

37. Doll, P, Fiedler, K. & Zhang, J. Global-scale analysis of river flow
alterations due to water withdrawals and reservoirs. Hydrol. Earth
Syst. Sci. 13, 2413-2432 (2009).

38. Lan, C.-W., Lo, M.-H., Chou, C. & Kumar, S. Terrestrial water flux
responses to global warming in tropical rainforest areas. Earths
Future 4, 210-224 (2016).

39. Kabuya, P. M., Hughes, D. A., Tshimanga, R. M., Trigg, M. A. &
Bates, P. Establishing uncertainty ranges of hydrologic indices
across climate and physiographic regions of the Congo River
Basin. J. Hydrol. Reg. Stud. 30, 100710 (2020).

40. Oki, T., Nishimura, T. & Dirmeyer, P. Assessment of annual runoff
from land surface models using Total Runoff Integrating Pathways
(TRIP). J. Meteorol. Soc. Jpn 77, 235-255 (1999).

41. Coss, S. et al. Channel water storage anomaly: a new remotely
sensed quantity for global river analysis. Geophys. Res. Lett. 50,
€2022GL100185 (2023).

42. Allen, G. H., David, C. H., Andreadis, K. M., Hossain, F. &
Famiglietti, J. S. Global estimates of river flow wave travel times
and implications for low-latency satellite data. Geophys. Res. Lett.
45, 7551-7560 (2018).

43. Desai, S. Surface Water and Ocean Topography Mission (SWOT).
Project Science Requirements Document. Rev B. (NASA JPL, 2018).

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2024

Nature Geoscience | Volume 17 | May 2024 | 433-439

439


http://www.nature.com/naturegeoscience
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Article

https://doi.org/10.1038/s41561-024-01421-5

Methods

Hydrography

Several hydrography datasets are available as the river network for
global routing. Here, we used the vector-based river network called
Multi-Error-Removed Improved Terrain (MERIT) Hydro (v0.7) Basins
(v1.0) due to the high spatial resolution of its underlying digital ele-
vation model (-90 m) and to the geographic coverage above 60° N
(refs.28,30,44). MERIT Hydro Basins was derived from the MERIT Hydro
digital elevation model by using a 25 km? channelization threshold,
which resulted in -3 million river reaches and catchments globally, as
well as 61 hydrologic regions. The MERIT Hydro Basins dataset also
contains derived attributes for eachindividual reach polyline and each
associated catchment polygon (for example, reach length, downstream
reach and catchment contributing area).

Runoffestimates

The primary dynamic (that s, time variable) input file for our monthly
routing was the lateral inflow into each river reach. To partially allevi-
ate uncertainty in the runoff outputs from different LSMs, we used
an ensemble of three LSMs from version 2.0 of the Global Land Data
Assimilation System (GLDAS; Supplementary Text1)*. Specifically, we
averaged the sum of monthly surface and subsurface runoff outputs
from Variable Infiltration Capacity*®*’, Catchment Land Surface Model*®
and Noah*~*', all of which have a spatial resolution of 1°. The gridded
runoff was converted into lateral inflow to each river reach using a
centroid-based approach—the centroid of each catchment is used to
identify the corresponding LSM grid cell**before multiplying the runoff
bytheareaofthe catchment. The three-model ensemble average inflow
was calculated onamonthly time step across the 30-year period of inter-
est for this study, whichis January 1980 to December 2009.

Discharge observations
We compiled an extensive global database of in situ gauges (for bias
correction and model evaluation) by collecting daily gauge data from
a combination of international and national organizations (Supple-
mentary Table1)* %, We removed gauges located within~100 mof each
other, onthebasis that the same exact gauge fromthe same organization
canbeincludedin multipleindependent databases, hencefiltering for
duplicates®®. In total, 45,837 daily gauge records were collected. We
subset the database to only those gauges that had 95% daily availability
forthe1980-2009 study period and to those with an average discharge
greater than or equal to 100 m*s™ (based on the 1980-2009 average;
n=1,148). To identify the locations of river gauges along the MERIT
Hydro river network, we mapped the gauges using a distance buffer, as
wellas order of magnitude and duplicate gauge checks (Supplementary
Text2). Themapping processresulted inafinal dataset of 1,001 gauges,
three of which did not benefit our corrections due to limitations in our
method (see ‘Discharge corrections’ section). Since we are modelling ata
monthly temporal resolution, we calculated monthly average discharge
for each gauge across the 1980-2009 time period (360 time steps).
Given that potential temporal trends in discharge observations
cannot be explicitly accounted for inour long-term correction method
(see‘Discharge corrections’section), we performed atrend analysis and
identified that 39% of the gauges had a statistically significant trend,
although of minimal magnitude (Supplementary Text 3). We note that
thisis alimitation of the methodology.

Discharge estimates

Lateral inflow can be used with the monthly mass conservation
equation to determine monthly average flows throughout ariver net-
work with r river reaches with limited negative impact of neglecting
horizontal transfer times®, as traditionally done through lumped
river models as

(I-N)xQ=0Q, @®

where/isthe r x ridentity matrix, Nis ther x rriver network matrix (for
example, ref. 27), Q°is an r-sized vector of external lateral inflows (e)
entering eachriverreach,and Qis anr-sized vector of river discharge
outflows exiting each reach. Given that lumped river models accu-
mulate runoff from upstream to downstream without accounting for
horizontal travel time from land to rivers or within the river system,
we applied the model on amonthly time step. Lumped routing at this
time scale can produce a fair approximation of discharge except for
the largest basins of the world; however, it is fair even at the scale of
the Colorado and Columbia river basins?’. The monthly ensemble
average inflow was used as input to the lumped routing model to
generate uncorrected ensemble river discharge estimates across the
30 year period.

Discharge corrections

To generate corrected estimates of river discharge, we developed
anovel inverse routing algorithm called LTIR that is capable of cor-
recting bias in long-term mean lateral inflow and long-term mean
discharge together. Our approach allows for corrections of lateral
inflows upstream of gauges while matching observed discharge values,
withimpacts on discharge estimates both upstream and downstream
of gauges.

Extended Data Fig. 6 shows aschematic that summarizes much of
our notation for an example river network containing five reaches and
two gauges and illustrates the mathematical derivation that follows.
We use a river network with r river reaches and g gauges (withg<r),
Stheg x robservation selector matrix (for example, ref. 45), t for time,
Q¢ (¢) an r-sized vector of simulated monthly external lateral water
inflows (e) entering upstream of each river reach, Q(¢) anr-sized vector
of simulated monthly water outflows exiting each reach and q(¢)
ag-sized vector of monthly discharge observations. Vinculum symbols
are used to indicate long-term means; for example, Qe is the long-
term mean of Q¢ (¢). Double-struck symbols are used to indicated
corrected quantities; for example, Q is the corrected equivalent to
discharge Q.

Thelong-term continuity equation enforces equality between the
downstream outflows Q and the upstream inflows Q¢ + N x Q (that is,
the sum oflateral inflows Q¢ and inflows from upstreamreaches N x Q).
This is traditionally done through lumped river models, and can be
described in matrix-vector form (for example, ref. 29) for both simu-
lated and corrected states as

2

Enforcingthatlong-term corrected discharge equals observations
atgaugesleadsto

SxQ=q. 3

Equations (2) and (3) together give rise to an ‘inverse routing’
problem for which anr-sized vector of corrected lateral inflow Qe is the
unknown as

S-U-NY'xQr=q @)

Equation (4) is a g x r linear system with r unknowns, that is, an
underdetermined problem with an infinite number of solutions, and
one must therefore narrow the mathematical problem down. Because
the number of equations is the same as the number of gauges (g), one
might first focus on the individual subbasins associated witheach one
of the gauges. Let q¢ be a g-sized array with long-term means of total
lateralinflows for these individual subbasins. As a preliminary step, let
Qe« be one of the infinite number of solutions to equation (4) that
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crudely applies the total lateral inflow of each subbasin solely at river
reaches that are home to a gauge such that

Qe = St X e, (5)

where S'is the transpose of S and the Greek letter superscript is
used for incremental versions of corrected estimates for Qe,
with a being the first such estimate. Combining equations (4) and (5)
leadsto

(5><(/—N)‘1x5t)xq_e=a, (6)

Equation (6) is now a g x g linear system with the g unknowns of
q¢, and can therefore be solved. Using n, the g x g matrix describing
connectivity among gauges, equation (6) canalsobe seen as a continu-
ity equation that relates the total lateral inflow within each subbasin
to the outflow of each subbasin as

I-m'xq=q. @

As aresult, and while the shape of e was based on a crude
assumption, it reveals that the inverse routing problem of equation (4)
canbereduced tosolve for q¢, the total lateral inflows of each subbasin.
Thisinturnoffers multiple avenues for constructing valid options for
Qe from q¢ at the subbasin level. To do so, one must first understand
how the various elements of Q¢ get accumulated downstream of ariver
network for which the connection between subbasins were removed,
creating the ‘disconnected’ discharge Qp, valid for both simulated and
corrected states as

Q=U-[N=NxSxS) " xQ
. Lo 8
Qp=(—[N=NxSxS) " x@e

Q, canbe seen as the long-term mean of discharge at every reach
of ariver network where the connectivity downstream of each gauge
was removed and with long-term mean inflow Qe. Provided adequate
corrections are made, S x Qp, (thatis, the values of @, atriver reaches
thathave agauge) should be equal to ge (thatis, the total lateral inflows
for these individual subbasins), thus

SxQp = qe. 9)

We can now look for multiplicative scalars, one per subbasin,
stored in a g-sized vector A and allowing to correct S x Qp, into S x Qp
as

A®(SxQp)=Sx0p, (10)
where ® is elementwise multiplication. Equations (9) and (10) together
allow the computation of A as

A=a0(SxQ), (1

where @ is elementwise division. The multiplicative scalars stored for
each subbasinin A can then be applied for each river reach of the rel-
evantsubbasinandstoredinanr-sized vector Aby applying the follow-
ing transformation:

Ael:[Sx(l—[N—NxS‘xS])_l]tx(hel), 12)

where @ is elementwise subtraction and used here to ensure that places
with no gauge retain their initial value. We can then build a corrected
lateral inflow vector @B, with B being the second version of the

corrected estimates, such that the lateral inflow values of each subbasin
are proportional to the initial values of Q¢ thus
0 = A ® Qe. 13)

Equation (13) is alinear transformation that canequally be applied
atthe monthly time step as

%) = A® QD). 14)

Overall, our inverse routing methodology can hence be summa-
rizedinsiximplementation steps (Extended DataFig. 7): (1) determine
q¢ from q using equation (6), (2) determine S x Q, from Q¢ using
equation (8), (3) determine A from g¢ and Q, using equation (11), (4)
determine A from A using equation (12), (5) computing @t(¢) from A
and Q¢(o) for all monthly time steps using equation (14) and (6) deter-
mine Q(¢) from Q¢B(¢) using equation (2).

Note that the design of this methodology is flawed in the cases in
which occasional elements of S x @p are null, that is, when the total
lateral inflow within given subbasinsis zero, in which case amultiplica-
tive scaling correction is bound to fail. Such a challenge was encoun-
tered for three subbasins when using the full 1,001 gauge dataset for
correction; three gauges were dropped from the analysis, resulting in
afinal correction gauge dataset of size 998.

Discharge evaluation metrics

Toevaluate the performance of bias correction, we calculated test sta-
tistics tocompare uncorrected and corrected simulations with obser-
vations where insitu observations exist. Before applying the correction
to our full gauge dataset, we first ensured independent evaluation by
splitting the gauge observation dataset into 70% for calibration (that
is, correction; n =702) and 30% for validation (n = 299; Supplementary
Text4).Foreach of the calibration, validation and full gauge datasets,
we used monthly observations and simulations to calculate normalized
absolute bias (NBIAS; absolute value of observed minus simulated;
normalized using the mean of the observations), NSTDERR, NRMSE
and NSE (ameasure of how well the simulated time series matches the
observed)®’. For the final correction with the full gauge dataset, we
also calculate coefficient of variation (CV) for monthly observations,
uncorrected simulations and corrected simulations.

Model validation

Aftervalidating our correction algorithmwith the independent dataset
(Supplementary Text4), we performed the correction with the full gauge
dataset (n =998; see ‘Discharge corrections’ section), and evaluated the
model performance at each of the 998 gauges (Extended Data Table 2).
The mean/median NBIAS decreased from 0.45/0.28 for uncorrected
simulations to 0.00/0.00 for corrected simulations, and 99% of the 998
gauges showed animprovementin NBIAS (Extended Data Fig. 1a). Note
that four gauges worsened minimally in NBIAS after correction, whichis
dueto using all simulated monthly discharge values and only available
monthly observed discharge to calculate our correction factors but
then calculating NBIAS only at time steps in which observations were
available. We confirmed that bias went to 0.00 at these gauges when
using all time steps to calculate NBIAS rather than only time steps in
which observations were available. Reduction innormalized biasled to
improvementsinthe other modeltest statistics. The mean/median NST-
DERR changed from 0.84/0.61for uncorrected simulations to 0.68/0.63
for corrected simulations (Extended Data Fig. 1b), hence showing very
limited impacts of our bias correction on the temporal variability of flow
errors. Themean/median NRMSE decreased from 0.99/0.73 for uncor-
rected simulations to 0.68/0.63 for corrected simulations (Extended
DataFig.2a), indicating that all of NRMSE was composed of NSTDERR.
The mean/median NSE increased from —3.74/0.07 for uncorrected
simulations to —0.79/0.38 for corrected simulations (Extended Data
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Fig. 2b), which indicates that corrected simulations better matched
observations than uncorrected simulations; 55% of gauges showed
improvements in NSTDERR, 75% in NRMSE and 75% in NSE. Improve-
mentsin test statistics can be seen across most of the world, except for
portions of north-western and north-eastern United States, western
and south-eastern Canada, western Brazil, western Argentina, northern
Australia and northern Europe. Deteriorations in NSTDERR were also
presentin central Europe and New Zealand.

For each gauge location, we calculated the CV and found that the
mean/median was 0.76/0.73 for observations, 0.86/0.79 for uncor-
rected simulations and 0.87/0.79 for corrected simulations. Based on
mean/median values, simulations showed slightly greater variability
than observations, with minimally greater variability in corrected
simulations. After fitting a linear regression enforcing a zero-intercept
betweensimulated CVand observed CV, we found slopes of 0.98 (uncor-
rected) and 0.99 (corrected) and R* of 0.84 (uncorrected) and 0.83 (cor-
rected; Extended Data Fig. 3), showing that observed and simulated
CV were close to the line of unity (that is, observed CV = simulated CV)
and that ~-83% of the variance was explained. However, the regression
residuals failed the Shapiro-Wilks normality test (uncorrected P value
0f1.43 x10™; corrected Pvalue <2.2 x 107), hencelimiting valid inference.

Future studies might consider correcting for NSTDERR in addition
tobias, which can be expected to have a positiveimpact on NRMSE, and
probably also on NSE. The broad improvementin bias, NSE and NRMSE
reported here—withlimitedimpactson NSTDERR and on CV—are there-
fore sufficient for the stated purpose of our study, whichis correcting
bias and evaluating global discharge and storage inrivers.

Estimates of discharge into the ocean
The uncorrected and corrected river discharge estimates at coastal
river termini were used to calculate the global total discharge into the
ocean, along with its variability. Coastal river termini were identified
by extractingall river reaches withno downstreamriver reach and then
selectingallriver reaches within200 m of the coastline. Using a buffer
fromthe coastline was necessary toremove river terminilocated in the
middle of continents. Global discharge into the ocean was calculated
on amonthly time step by summing the discharge for all coastal river
termini (n =48,200). Variability was calculated as the standard devia-
tion of total discharge into the ocean across the time series.

Across the globe, average discharge into the ocean is highest
for the Amazon (18% of global discharge for uncorrected and 18%
for corrected simulations), South America north of the Amazon (for
example, Orinoco, Catatumbo; 6%, 6%), the Congo (6%, 5%) and Ganges—
Brahmaputra (5%, 5%) basins (Fig. 3a). Variability in discharge to the
oceanis highestinthe Amazon, Nile, La Plata and Congo basins (Fig. 3b).

Water storage estimates

Eachof Earth’sriver reaches can fundamentally be reduced to anindi-
vidual control volume. At steady state, assuming that water isincom-
pressible and neglecting friction by viscous forces, this control volume
follows Bernoulli’s principle. Inturn, the river reach becomesruled by a
linear relationship between water storage and water flow, and involving
residence time. Assuming that residence times are much shorter than
1month, sucharelationship can be applied at the monthly time scale.
Under the same steady-state assumption, the Muskingum method®* for
river routing also reduces to a linear storage-discharge relationship:

V=kxQ, (15)

where Visthe storage volume and kis the Muskingum time parameter
that is known to be related to the celerity—or speed—of flow wave pro-
pagation® (Supplementary Text 6). To calculate Muskingum k, we
divided the length of each river reach by a reference celerity for the
flow wave of 1km h™, and then multiplied that quantity by a scaling
factor A specific to the Muskingum k (A,)—generating a unique value

for each reach and for each residence time characterization. Based
on our experience with automated parameter estimation for the
Muskingum method (Extended Data Table 3) and that all used
the same reference value”>**°”2, we used alow (0.20), medium (0.35)
and high (0.50) value of A, to calculate three different possible sets of
Muskingum k values (for short, medium and long flow wave residence
times) associated to each river reach. After confirming that our resi-
dence times are indeed much shorter than 1 month (mean/median
valuesare1.87 h/1.37 h,3.27 h/2.39 hand 4.67 h/3.41 hfor short, medium
and long experiments, respectively), we calculated global water stor-
age using each Muskingum k on a monthly time step by summing the
storage for all river reaches. Variability was calculated asthe standard
deviation of river water storage across the monthly time series.
Onaverage, themajority of river water is stored in the Amazon (34%
of globalriver water storage for uncorrected and 38% for corrected simu-
lations), Congo (8%, 6%), Nile (5%, 5%) and South America north of the
Amazon (forexample, Orinoco, Catatumbo; 5%, 5%) basins (Fig. 5a). Water
storage variability is the highest in the Amazon, Nile, Ganges-Brahma-
putra, La Plataand South America north of the Amazon basins (Fig. 5b).

Methodological limitations

Webelieve that there are several avenues for future research and refine-
ment. First, in this study, we focus on the impacts of observations and
parameters (that is, flow wave propagation celerity) on estimates of
global water storage; however, future work could explore the impacts
of multi-model runoff uncertainty by using more LSMs and atmospheric
forcings. Second, the correction algorithm creates amultiplicative fac-
torbased onthe average discharge across the 30-year study period and
therefore does notincorporate aconstraintonriver discharge extremes
(high and low flows) or on variability. Future work could focus on cor-
recting the amplitude inaddition to the average. Third, an assumption
of ourapproachisthaterrorsinriver discharge are attributed solely to
errorsinrunoff.Such errors could alsobe duetolack of representation
of other components of the water cycle (for example, lakes and wet-
lands) inour routing model; future work could further explore potential
errors, particularly with the release of SWOT data. Lastly, human influ-
ences on the water cycle (for example, water withdrawals, dams and
reservoirs) arenot directly incorporatedinto the routing model, as the
only aspect of anthropogenic influence we are looking at is observed
water balance. While the gauge observations used for correction and
the range of celerity that we use to calculate global river water storage
(which were optimized from real case studies) indirectly inform the
model of some anthropogenic activities, explicitincorporation of such
activities may improve river discharge and storage estimates”.

Data availability

Global river discharge and water storage data (‘MeanDRS’) are
made publicly available via Zenodo at https://doi.org/10.5281/
zenodo.8248069 (ref. 74). We follow the guidelines (https://doi.
org/10.5281/zenodo.10161527) of NASA’s Transform to OPen Science
(TOPS) mission for our open science practices.

Code availability

Our software is publicly available via Zenodo at https://doi.org/
10.5281/zen0do.3236649 (ref. 75) and via GitHub at https://github.
com/c-h-david/rrr (ref. 76). We follow the guidelines (https://doi.org/
10.5281/zen0do.10161527) of NASA’s Transform to OPen Science (TOPS)
mission for our open science practices.
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Extended Data Fig. 1| Difference between corrected and uncorrected river discharge test statistics. (a) normalized bias (NBIAS) and (b) normalized root mean
square error (NRMSE). Blue indicates animprovement in the metric, and red a deterioration in the metric. Crosshairs in Antarctica indicate no data. Maps created in
QGIS, using graticules from Natural Earth.
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Extended Data Fig. 2 | Difference between corrected and uncorrected river discharge test statistics. (a) normalized standard error (NSTDERR) and (b) Nash-
Sutcliffe efficiency (NSE). Blue indicates an improvement in the metric, and red a deterioration in the metric. Crosshairs in Antarctica indicate no data. Maps created in
QGIS, using graticules from Natural Earth.
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Antarctica indicate no data. Map created in QGIS, using graticules from Natural Earth.
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Extended Data Table 1| Prior estimates of ocean discharge and water storage

Global discharge into the
ocean (km3/yr)

Standard deviation (km3yr)

Reference year

Reference

Location in reference

39600 N/A 1967 Nace (1967)" p2, table 1
Korzun (1974), translated by p492 table 149, text p493

44700 N/A 1974 UNESCO (1979)2

L'vovich (1974), translated by AGU p56 table 9
41000 N/A 1974 (1979)°
39700 N/A 1975 Baumgartner and Reichel (1975)% p97 table 17
37400 N/A 1987 Berner and Berner (1987)% p14 table 2.2
39700 N/A 1988 WRI (1988)8 p187, table 11.3

p15, paragraph before table 2.4 of

43500 N/A 1993 Shiklomanov (1993)7 Gleick book
39476 N/A 2000 Fekete et al. (2000)8 p28, table 4
39300 N/A 2000 Vérésmarty et al. (2000)° p286, table 4
29485 N/A 2001 Oki (2001)1° p987, table2
37288 +/- 662 N/A 2002 Dai Trenberth (2002)" p670, table 4 and text
38540 N/A 2005 Syvitski et al. (2005)'2 p377, table 1
45500 N/A 2006 Oki and Kanae (2006)'3 p1069, Figure 1
30354 +/- 1212 3606* 2009 Syed et al. (2009)* p34 text and figure 5
36055 16164 2010 Syed et al. (2010)3 p17917, table 1
44200 N/A 2015 Clark et al. (2015)'6 p1502 abstract
45900 +/- 4400 N/A 2015 Rodell et al. (2015)'7 p8302 text
38550 4800 2017 Chandanpurkar et al. (2017)8 p8481 abstract
35976* 1116* 2018 Suzuki et al. (2018)1° p424 table 2 and p425 figure 5
37411 7816 2023 This study (using corrected runoff) p5 text

*Inferred value
Notes for inferred values:

- Syed et al., 2009 [9]: Variability estimated from fig 5 using 850 km¥month amplitude and assuming sine wave
- Suzuki et al. [15]): Based on 1.14 Sv mean and 0.1 Sv amplitude, using 365.25 days per year, assuming sine wave

Global water storage (km3) Standard deviation (km?) Reference year Reference Location in reference
1250 N/A 1967 Nace (1967)! p2, table 1
Korzun (1974), translated by p43 table 9, see also p55 table 18 &

2120 N/A 1974 UNESCO (1979)2 text

L'vovich (1974), translated by AGU p58 table 10
1200 N/A 1974 (1979)°
1700 N/A 1987 Berner and Berner (1987)5 p13 table 2.1
1700 N/A 1988 WRI (1988)° p187, table 11.3
2120 N/A 1993 Shiklomanov (1993)7 p13, table 2.1 of Gleick book
2000 N/A 2006 Oki and Kanae (2006)'3 p1069 Figure 1
2858 +/- 193 3680 2017 Getirana et al. (2017)2 Sl p2, table S1
2246 505 2023 This study (using corrected runoff) p7 text

Previous estimates of the temporal average (column 1) and monthly variability (column 2) of global discharge into the ocean and storage by literature reference.
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Extended Data Table 2 | Model evaluation for the validation, calibration, and full gauge datasets

Gauge Simulation type| NBIAS NSTDERR | NRMSE NSE
dataset and % of
gauges with
improvement
Validation Uncorrected 0.47/0.28 0.84/0.56 | 0.99/0.65 | -3.93/0.02
(n =299)
Corrected 0.13/0.05 0.67/0.58 | 0.70/0.61 | -1.10/0.31
% gauges 88% 62% 75% 75%
Calibration (n Uncorrected 0.44/0.28 0.84/0.63 | 0.98/0.76 | -3.65/0.07
=702)
Corrected 0.00/0.00 0.68/0.64 | 0.68/0.64 | -0.67/0.38
% gauges 99% 54% 74% 74%
Full (n=998) | Uncorrected 0.45/0.28 0.84/0.61 0.99/0.73 | -3.74/0.07
Corrected 0.00/0.00 0.68/0.63 | 0.68/0.63 | -0.79/0.38
% gauges 99% 55% 75% 75%

The second column indicates if the row is displaying the mean/median for each metric for uncorrected or corrected simulations, or the % of gauges that improved in each metric after
correction. Columns 3-6 indicate the mean/median for normalized bias (NBIAS), normalized standard deviation of errors (NSTDERR), normalized root mean square error (NRMSE), and

Nash-Sutcliffe efficiency (NSE).
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Extended Data Table 3 | Literature references for A, values used for the estimation of Muskingum k parameter

LSM At (s)
Reference Ay (for c0) Notes.

David et al. (2011, JHM)? 0.131042 Only value using ¢0. Computed with ¢1
Noah-MP 900

0.365616

0.375

0.294052

0.160156

0.152344

0.394089

0.355804

0.375

0.414429

0.385983

0.307755

0.390625 ) ) )
Al values that are actually in the published manuscript. These
were all based on c0, and were computed with ¢2. Other
David et al. (2011, HP)"® 0453125 parameter values were used in paper, but were not summarized in
atable.

ISBA-MODCOU 1800

0.435547

0.53125

0.578796

0.46875

0.03125

0.382812

0.256366

0.236328

0.0001221

05

0.402538

0.375

0.429

0.438

0.316

0.356

Mosaic, Noah,
SAC, VIC, Noah- 900
MP

0.189 Parameters all based on 0 and optimization for which efficiency

was positive with pa0 and pa?.

David et al. (2013,
EMS)*

0.438

05

0.389

0.189

vic 900
David et al. (2013, Based on c0 and ¢1.
WRR)"! 0.3087

0.40625

Dawdv::;{aRliy(ZZUIS, Based on c0 and $1. vic 1800
0210876

vic 900
David et al. (2019, GRL)?® 03 Based on c0 and average of 2013a,b and 2015.

Statistic 2 (for c0)

Average 034

Stdev 0.13

Median 0.38

Average - Stdev 021

Average + Stdev 047

Values used for present
pi

2y (for ¢0)

Average 035

Low 0.20

High 050

Here, cO is Tkm/hr and LSM refers to land surface model.
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