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The	
  basic	
  concept:	
  in	
  most	
  river	
  basins,	
  most	
  of	
  the	
  Qme,	
  runoff	
  is	
  generated	
  
by	
  “baseflow”,	
  or	
  storage	
  driven	
  streamflow	
  

Hornberger,	
  G.M.,	
  J.P.	
  Raffensperger,	
  P.L.	
  Wiberg,	
  and	
  K.N.	
  Eshleman,	
  Elements	
  of	
  Physical	
  Hydrology.	
  

Surface	
  runoff	
  comes	
  mostly	
  from:	
  
•  Urban	
  areas	
  
•  Frozen	
  surface	
  
•  Intense	
  storms	
  

Baseflow	
  is	
  the	
  
dominant	
  
contributor	
  
(60-­‐90%)	
  

•  Long	
  legacy	
  of	
  literature:	
  e.g.	
  
Brutsaert	
  and	
  Nieber	
  (1977),	
  
Kirchner	
  (2009)	
  

•  This	
  is	
  a	
  bit	
  counterintuiQve:	
  	
  It’s	
  
not	
  surface	
  runoff	
  running	
  into	
  
rivers,	
  instead	
  it	
  is	
  infiltraQon	
  into	
  
the	
  saturated	
  water	
  table	
  rising	
  to	
  
penetrate	
  the	
  river	
  banks	
  

•  Because	
  baseflow	
  in	
  rivers	
  follows	
  
the	
  regional	
  water	
  table,	
  GRACE	
  
should	
  have	
  skill	
  in	
  predicQng	
  
regional	
  river	
  runoff	
  

•  Several	
  studies	
  have	
  explored	
  the	
  
storage-­‐discharge	
  relaQonship:	
  
Riegger	
  and	
  Tourian,	
  2014;	
  Reager	
  
et	
  al	
  (2015);	
  Sproles	
  et	
  al.	
  (2015)	
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Model	
  runoff	
  generaQon	
  

j p l . n a s a . g o v  

water. While it is understood that there exist large discrep-
ancies in these quantities between models on a regional
scale [e.g., Waliser et al., 2003], the representation of their
globally-averaged values is quite good. This stems from the
long-standing observational constraints that have been
available for these quantities as well as indirect constraints
from well-measured energy cycle quantities (e.g., top of the
atmosphere energy balance). Another aspect that leads to
their good agreement, in contrast to some quantities dis-
cussed below, is that there is no ambiguity in terms of the
physical nature of the quantity being represented.
[6] Exhibiting poorer model agreements are runoff and

(over ocean) cloud water content. For these quantities, not
only is the physical process arguably more complex to
model correctly but the observational foundation is more
challenging. For example, runoff is largely based only on
measurements from river gauges – which have limitations

[Dai and Trenberth, 2002; Alsdorf and Lettenmaier, 2003] –
and in some cases through indirect residual calculations that
rely on quantities that have considerable uncertainty (e.g.,
evapotranspiration, water vapor transport). In the case of
cloud water, the observations to date have simply been too
indirect (i.e. remotely sensed), experimental or too sparse
(i.e. in-situ) to provide a robust AOGCM constraint [e.g.,
Horváth and Davies, 2007]. Thus, the greater model dis-
agreement in cloud water, over for example precipitable
water, is not only due to the challenge of the modeling
clouds [Jakob, 2003; Randall et al., 2003] but also because
the observational constraints have lacked robustness and/or
been insufficiently defined which leaves models significant
leeway in their representation.
[7] Finally, Figure 1 shows that the AOGCMs contribut-

ing to the AR4 exhibit very poor agreement in soil moisture
and snow mass. This level of disagreement stems not only

Figure 1. Globally-averaged, annual mean values of hydrological quantities from the 1970–1994 period of the 20th
century AOGCM simulations assessed in the IPCC AR4. Observed values are given for all but snow mass (lower right).
The observed values for runoff and soil moisture are from Trenberth et al. [2007]; precipitation from GPCP (left thin bar)
[Huffman et al., 1997] and CMAP (right thin bar) [Xie and Arkin, 1997]; precipitable water from NCEP/NCAR (left thin
bar) [Kalnay et al., 1996], NVAP (middle thin bar) [Randel et al., 1996], and ERA40 (right thin bar) [Trenberth and Smith,
2005]; and cloud water over the ocean from SSM/I satellite-based estimates [Weng et al., 1997]. Zero values indicate that
the given model did not provide this variable to the CMIP3 database.
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Figure 1: Time mean values of predicted precipitation (left) and soil moisture (right) 
from CMIP3 ensemble members in coupled climate simulations.  

sensitive, especially at longer time
scales, to the soil depth and the
choice of boundary conditions. In par-
ticular, Figure 7 shows that, depend-
ing on the soil depth, it is possible to
attribute nearly all of the observed
TWS decline in the Lower Colorado
River basin to climate variability
rather than human withdrawals. That
is not to say that groundwater extrac-
tion is not occurring within this
region, but rather that it currently

may not be detectable when averaged over the area of the entire Lower Colorado River basin
(!350,000 km2).

By comparing TWS observations to TWS from a suite of simulations in which soil thickness is varied, the
model parameter giving the best agreement to GRACE total water storage data can be identified. The soil
thickness parameter represents an effective soil depth that captures the observed TWS variability, and may
depend on model resolution, structure, and other parameters.

Figure 11 shows that this parameter varies spatially, with values that are both greater and less than the spa-
tially uniform value (3.8 m) used in the standard CLM. In drier regions, shallow derived soil thickness parameter
values may relate to variations in soil hydraulic properties with depth such as the presence of low permeability
soil layers. In areas having a sustained zone of saturation, the best-fitting parameter relates to the thickness of
soil in which unsaturated conditions occur, and can potentially be used to constrain the mean water table.
However, in regions where the water table is near the surface, total water storage observations may be insuffi-
cient to discriminate between shallow soils and poorly drained deep soils; in both cases the TWS dynamic
range may be limited. Additional observations, as will be provided by NASA’s Soil Moisture Active Passive satel-
lite mission, may in the future help differentiate between alternative soil descriptions.

Replacing the aquifer layer with a relatively thin soil column may appear at odds with well level observa-
tions that in some locations indicate the presence of saturated conditions at depths greater than the maxi-
mum soil thickness (10 m) examined in this study. This apparent discrepancy is partly a matter of spatial

Table 7. Summary of Indus River Basin RMS Differences Between GRACE TWS
and CLM TWS for Simulations in Which Zbot Varied

TWS

Figure 7 Summary

Full Time Period 2002–2007 2008–2014

Zbot5 1 m 56 32 71
Zbot5 1.5 m 63 33 82
Zbot5 2 m 68 32 88
Zbot5 3 m 69 30 91
Zbot5 4 m 67 29 88
Zbot5 10 m 74 32 97

Figure 11. Optimal CLM soil thickness parameter (m). Value at each gridcell is taken from the ZBOT simulation giving the smallest rmsd
between GRACE and CLM TWS.
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•  Some	
  nice	
  papers	
  have	
  started	
  to	
  
look	
  at	
  hydrology	
  in	
  climate	
  
models,	
  and	
  why	
  they	
  do	
  poorly	
  

•  The	
  representaQon	
  of	
  accurate	
  soil	
  
storage	
  is	
  important	
  in	
  runoff	
  
generaQon	
  and	
  in	
  the	
  
representaQon	
  of	
  groundwater	
  
dynamics	
  

•  GeMng	
  the	
  total	
  drainable	
  storage	
  
in	
  the	
  soil	
  column	
  is	
  important	
  to	
  
understand	
  storage-­‐runoff	
  links	
  

	
  
	
  

Houburg	
  et	
  al.	
  (2014)	
  

Swenson	
  and	
  Lawrence	
  (2015)	
  

Waliser	
  et	
  al.	
  (2010)	
  

!"#$%#&'()*+,'-"*.,/0-*1-2'34*5*6(720-*
8"#9%1:,'-"*;#1-0!"#$%!&'!()*!+,,-!./01!

bot

botbot
a zz

zzKQ )(

2('&3!4'53(6&!$7!(7!%78579$7&:!(;%$9&3<       

0&8=(36&!0('&<!

)1(
bot

bot
a zz

K

8",<(','(#%,0*
=",(%,$- 

sb
a RQ

dt
dW

ya SWz /

Upward Flow 
under capillary 
forces 

>9??-"*@#%- 

3.4m 



	
  
•  Storage-­‐streamflow	
  curves	
  establish	
  
a	
  relaQonship	
  between	
  river	
  
discharge	
  and	
  basin-­‐wide	
  water	
  
storage	
  

•  These	
   relaQonships	
   are	
   a	
   bit	
  
different	
  everywhere	
  

•  Basin-­‐scale	
   esQmates	
   of	
   water	
  
storage	
   can	
   then	
   be	
   used	
   to	
  
character ize	
   reg ional	
   “flood	
  
potenQal”	
  	
  

•  i.e.	
   if	
   the	
   ground	
   is	
  well	
   saturated,	
  
how	
  much	
   rain	
   is	
   need	
   to	
   cause	
   a	
  
flood?	
  

LETTERS
PUBLISHED ONLINE: 6 JULY 2014 | DOI: 10.1038/NGEO2203

River basin flood potential inferred using GRACE
gravity observations at several months lead time
J. T. Reager1*, B. F. Thomas1 and J. S. Famiglietti1,2,3

The wetness of a watershed determines its response to
precipitation1–3, leading to variability in flood generation4.
The importance of total water storage—which includes snow,
surface water, soil moisture and groundwater—for the predis-
position of a region to flooding is less clear, in part because
such comprehensive observations are rarely available. Here
we demonstrate that basin-scale estimates of water storage
derived from satellite observations of time-variable gravity
can be used to characterize regional flood potential and may
ultimately result in longer lead times in flood warnings. We
use a case study of the catastrophic 2011 Missouri River
floods to establish a relationship between river discharge, as
measured by gauge stations, and basin-wide water storage,
as measured remotely by NASA’s Gravity Recovery and
Climate Experiment (GRACE) mission. Applying a time-lagged
autoregressive model of river discharge, we show that the
inclusion of GRACE-based total water storage information
allows us to assess the predisposition of a river basin to
flooding as much as 5–11 months in advance. Additional case
studies of flood events in the Columbia River and Indus River
basins further illustrate that longer lead-time flood prediction
requires accurate information on the complete hydrologic state
of a river basin.

In non-frozen catchments, the streamflow hydrograph can be
partitioned into ‘event flow’, a transient response to increases in
precipitation forcing that can be highly localized in time and space;
and ‘base flow’, the underlying signal that is a function of the
water stored in and slowly released from soils and groundwater
within the watershed5–8. As a result of observational limitations,
many flood prediction methodologies are able to deterministically
approach only the first of these phenomena—storm event flow
generation and the resultant flooding9,10—whereas groundwater-
driven base flow variations and their impact on flooding are
often neglected. Accordingly, operational hydrological simulations
are typically forced with forecast precipitation, some incomplete
measure of basin wetness (such as a model estimate of the water
content of surface soils), and river level information. This can
limit quantitative flood prediction capabilities to the timescales
of a weather forecast (that is, in the range of three to ten days),
or to probabilistic forecasts11 motivated by the joint probability
of rainfall distributions and hydrologic models. Such approaches
present challenges for water management9 because they may not
include all of the components of storage that are important
to better characterize regional flood potential12,13 with greater
lead times.

The GRACE satellite mission14 provides a means to
observe monthly variations in total water storage within large
(>200,000 km2) areas such as river basins, based on Earth’s

time-variable gravity field: when the amount of water stored in a
region increases, the gravity signal in that region increases
proportionately15. GRACE-based estimates of total terrestrial
water storage anomalies (TWSA) have provided much insight
for the field of hydrology in estimating large-basin river
discharge16 and in revealing large-scale groundwater depletion17,18.
Importantly, previous studies have noted the existence of a capacity
limitation on terrestrial water storage that is associated with
regional flooding12,19.

We present a case study for the Missouri River basin (Fig. 1),
where a 500-year flooding event occurred fromMay to July of 2011
as two storm systems delivered high rainfall amounts to a region
that was also being impacted by record snow melt, saturated soils
and an elevated water table. The event was characterized as one of
the most damaging floods in the past century20. Flooding within the
Missouri basin and across the greater Mississippi basin resulted in
the declaration of a federal disaster area in May21.

Flows in the Missouri River were represented by 8 US Geological
Survey (USGS) gauge stations (Supplementary Figs 1 and 2).
These stations were used to estimate a relationship between total
water storage from GRACE and the Missouri River response.
Although it is logical to simply use the most downstream
gauge station to represent total basin discharge, we selected a
station that was free from the effects of management, such as
sacrificial levee failure21, which can subsequently impact river
discharge. For instance, floodwater diversion practices at the
Hermann station (USGS 06934500), downstream of Kansas City,
resulted in minimal flood signal in the stream flow record
during 2011, masking the underlying relationship between total
water storage and river flow volumes. We selected the Missouri
River at St Joseph, Missouri (USGS 06818000) as the most
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Figure 1 | GRACE water storage anomaly data for March 2011. The greater
Mississippi River basin (grey outline) and the St Joseph, Missouri, gauge
station USGS 06818000 (triangle) are shown. TWSA, terrestrial water
storage anomalies.
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Figure 2 | Observed river discharge versus GRACE TWSA. Non-flood summer months (blue dots), showing the typical relationship between storage and
discharge; and December 2010 to August 2011 months (red dots), showing flood event progression. A least-squares exponential regression for the summer
months (shifted to intersect the lowest data point) represents a lower threshold on storage–river flow behaviour, as base flow drives increases in discharge
with storage. Storage loading due to snow is a positive deviation from the curve in the storage dimension. Peak event flows are positive deviations from the
curve in the discharge dimension. Observation errors are shown.

downstream station still preserving an unmanaged flood signal
(Supplementary Information).

An averaging kernel approach22 was applied to extract a time
series of GRACE TWSA observations for the Missouri River basin
(Supplementary Fig. 3). Monthly errors in the TWSA time series
were estimated following previous methods23.

Figure 2 depicts the relationship between Missouri River
discharge and GRACE terrestrial water storage anomalies.
The figure shows river discharge at the USGS gauging station
at St Joseph, Missouri (USGS 06818000, Fig. 1) and GRACE
basin-average TWSA for the entire Missouri River basin (area:
1.37 × 106 km2) during summer months (June–August) between
2003 and 2012. Summer months (plotted in blue) are used to
examine the runoff response to basin storage changes without the
influence of snow and frozen ground. Summer river discharge and
total water storage generally show an exponential relationship.
We include a lower envelope regression line on these points,
and suggest that positive deviations from the regression line in
the y-dimension result from high-intensity rainfall, localized
runoff events and associated peak-flows (similar to infiltration
excess runoff processes6), whereas high stream flow matched by
high storage conditions (points closer to the regression line) are
indicative of regional saturation-driven flow (similar to saturation
excess runoff events10). We propose that these saturation-driven
events have greater potential for widespread and damaging regional
flooding because of the need for the basin to relieve its saturated
state by discharging a greater volume of stored waters into the river
channels and surrounding floodplains throughout the basin. We
suggest further that the positive deviations from the lower envelope
in the TWSA-dimension result mostly from an accumulation of
snow and groundwater during winter months, given that increases
in storage are not matched by increases in runoff. TWSA leads
river discharge slightly in the winter and spring months, creating
a hysteresis effect between the two time series. It is this effect that
offers information on spring and summer streamflow and the
predisposition for flooding.

The relationship between storage and discharge in the months
leading up to the 2011 event (red points in Fig. 2) illustrates the

impact of total water storage on flood potential, and the eventual
need to discharge excess waters under saturated and snow-laden
basin conditions. The relationship observed during these months is
consistent with the conditions underlying the catastrophic flooding
of 2011, namely record high snowmelt, frozen soils and high water
table elevations. To the extent that these factors contribute to
streamflow within a river basin, GRACE observations provide value
in forecasting high discharge conditions; however, the occurrence of
a significant flood event may still depend on the combined effects of
high storage and strong precipitation.

Our methodology applies the information contained in storage
anomalies from GRACE in a simple autoregressive model to
determine its utility relative to traditional operational measures
of basin wetness such as soil water content (Methods). Model
forecasts of streamflow are shown in Fig. 3 for increasing lead times
up to 6 months. Autoregressive model performance is measured
by two metrics: the prediction of a river discharge greater than
the historic (1980–2012) 99th percentile for monthly discharge
during the forecast period (3,990m3 s−1 for USGS 06818000), which
describes the ability of the model to recognize a potential high
discharge event; and the mean absolute value error (MAE) between
model and observations, which describes the model accuracy. MAE
was calculated for all models, first for the time before the flood
(Supplementary Information), then again for the entire forecast
period including the flood. Bothmetrics are calculated for lead times
from 1 to 22 months.

Figure 4 shows the summary of model performance, depicted
as discharge maximum versus lead time (Fig. 4a) and MAE versus
lead time (Fig. 4b). The addition of the TWSA term to the
autoregressive model increases the magnitude of maximum river
discharge forecasts at all lead times, relative to no additional
indicator, and the ability to forecast an exceptional (greater than the
99th percentile of historic river discharge) event in the 2–5 month
lead-time range is demonstrated by theGRACETWSAmodel alone.
The GRACE model forecasts river discharge near (but not over)
the 99th percentile from 6 to 11 months, suggesting the possibility
for even longer predictive potential. The addition of GRACE data
improves model MAE more than any other tested data, by as much
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e.g.Reager	
  et	
  al.,	
  2014,	
  Koster	
  et	
  al.	
  2010	
  

This	
  shows	
  the	
  map	
  of	
  GRACE	
  water	
  storage	
  and	
  the	
  
loca<on	
  of	
  a	
  stream	
  gage	
  on	
  the	
  Mississippi	
  river.	
  

This	
  shows	
  the	
  exponen<al	
  rela<onship	
  between	
  water	
  storage	
  
and	
  river	
  discharge,	
  during	
  summer	
  only	
  (blue)	
  and	
  winter/summer	
  
transi<on	
  (red)	
  	
  

Knowledge	
  of	
  storage-­‐driven	
  streamflow	
  can	
  
offer	
  value	
  for	
  predicQon	
  of	
  flood	
  potenQal	
  

j p l . n a s a . g o v  



Using	
  GRACE	
  observaQons	
  to	
  beTer	
  understand	
  storage-­‐
discharge	
  relaQonships	
  

1.  A	
  coupled	
  analysis	
  of	
  GRACE-­‐based	
  land	
  water	
  storage	
  and	
  streamgage-­‐based	
  river	
  
discharge	
  to	
  apply	
  a	
  base	
  flow	
  recession	
  approach	
  for	
  the	
  first	
  Qme	
  using	
  GRACE	
  
observaQons	
  in	
  the	
  Mississippi	
  River	
  Basin	
  

2.  Mapping	
  of	
  the	
  runoff	
  generaQon	
  process	
  and	
  the	
  contribuQons	
  of	
  baseflow	
  to	
  
streamflow,	
  as	
  well	
  as	
  esQmaQng	
  total	
  water	
  storage	
  in	
  the	
  Amazon	
  and	
  Mississippi	
  
River	
  Basins	
  

3.  A	
  global	
  assessment	
  of	
  the	
  relaQonship	
  between	
  GRACE	
  terrestrial	
  water	
  storage	
  
anomalies	
  and	
  surface	
  water	
  formaQon	
  from	
  radiometric	
  remote	
  sensing	
  observaQons	
  
of	
  surface	
  water	
  inundaQon	
  extent.	
  

à	
  Here	
  we	
  cover	
  three	
  recent	
  projects	
  on	
  these	
  concepts	
  

j p l . n a s a . g o v  



Key	
  points	
  
	
  
•  Developed	
   storage-­‐discharge	
   relaQonships	
  
for	
   12	
   watersheds	
   distributed	
   throughout	
  
the	
  Mississippi	
  River	
  Basin	
  	
  

•  Non-­‐linear	
   regression	
   analysis	
   was	
   used	
   to	
  
establish	
  a	
  curve	
  for	
  baseflow	
  

•  AssumpQon	
   that	
   the	
   lowest	
   possible	
   flow	
  
matching	
   a	
   given	
   storage	
   represents	
   the	
  
baseflow	
  or	
  storage-­‐driven	
  porQon	
  of	
  flow	
  

•  The	
   mean	
   fracQon	
   of	
   baseflow	
   in	
   unfrozen	
  
streams	
  was	
  found	
  to	
  vary	
  from	
  52	
  to	
  75%	
  

Macedo,	
  E.,	
  Beighley,	
  E.,	
  C.	
  David	
  and	
  J.T.	
  Reager	
  (GRL	
  in	
  review)	
  

1)	
  Base	
  flow	
  recession	
  approach	
  using	
  GRACE	
  observaQons	
  in	
  the	
  Mississippi	
  
River	
  Basin	
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Key	
  points	
  
	
  
•  As	
   flow	
   approaches	
   zero,	
   we	
   can	
   esQmate	
  
the	
  corresponding	
  storage	
  for	
  zero	
  flow	
  

•  This	
   gives	
   an	
   indicaQon	
   of	
   the	
   approximate	
  
“total	
  drainable	
  storage”	
  of	
  the	
  basin	
  

•  EsQmates	
   of	
   maximum	
   drainable	
   water	
  
storage	
   in	
   the	
   Mississippi	
   River	
   Basin	
   of	
  
about	
  100-­‐120	
  mm	
  

•  This	
   represents	
   water	
   in	
   mean	
   storage	
  
constantly,	
   on	
   average,	
   required	
   to	
   drive	
  
runoff	
  

•  Eventually	
   these	
   relaQonships	
   should	
   be	
  
captured	
  by	
  models	
  

Macedo,	
  E.,	
  Beighley,	
  E.,	
  C.	
  David	
  and	
  J.T.	
  Reager	
  (GRL	
  in	
  review)	
  

1)	
  Base	
  flow	
  recession	
  approach	
  using	
  GRACE	
  observaQons	
  in	
  the	
  Mississippi	
  
River	
  Basin	
  
	
  



Tourian,	
  Reager	
  and	
  Sneeuw	
  (WRR	
  in	
  review)	
  

2.	
  EsQmaQng	
  total	
  drainable	
  water	
  storage	
  in	
  the	
  Amazon	
  River	
  Basin	
  

8	
  Riegger	
  J	
  and	
  MJ	
  Tourian	
  (2014),	
  
Characteriza<on	
  of	
  runoff-­‐storage	
  rela<onships	
  by	
  satellite	
  gravimetry	
  and	
  remote	
  
sensing,	
  Water	
  Resour.	
  Res.	
  50,	
  3444–3466,	
  doi:10.1002/	
  2013WR013847	
  

fully	
  humid	
  tropical	
   boreal	
   seasonally	
  dry	
  tropical	
  

à	
  Some	
  of	
  this	
  hysteresis	
  is	
  due	
  to	
  the	
  travel	
  Qme	
  of	
  water	
  	
  
in	
  the	
  river	
  network,	
  	
  
•  especially	
  for	
  the	
  Amazon,	
  a	
  huge	
  basin,	
  dominated	
  by	
  surface	
  

water	
  and	
  flooding	
  



Tourian,	
  Reager	
  and	
  Sneeuw	
  (WRR	
  in	
  review)	
  

2.	
  EsQmaQng	
  total	
  drainable	
  water	
  storage	
  in	
  the	
  Amazon	
  River	
  Basin	
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/≈0.52  rad  ⇒  ∆.≈30  
d	
  

​'↓0 =375.7  mm	
  

by	
  Hilbert	
  
transform	
  

•  For	
  this	
  case,	
  assumed	
  all	
  hysteresis	
  due	
  to	
  a	
  Qme	
  lag	
  
for	
  water	
  to	
  flow	
  in	
  the	
  massive	
  river	
  network	
  

•  no	
  curvature	
  in	
  the	
  storage-­‐discharge	
  relaQonship	
  

•  This	
  gives	
  a	
  low	
  esQmate	
  of	
  total	
  drainable	
  storage	
  



Tourian,	
  Reager	
  and	
  Sneeuw	
  (WRR	
  in	
  review)	
  

2.	
  EsQmaQng	
  total	
  drainable	
  water	
  storage	
  in	
  the	
  Amazon	
  River	
  Basin	
  

10	
  

Key	
  points	
  
	
  
•  Storage-­‐driven	
   flow	
   and	
   total	
   Amazon	
   River	
  
flow	
  are	
  parQQoned	
  and	
  modelled	
  

•  On	
  average,	
  65%	
  of	
  the	
  total	
  drainable	
  water	
  
of	
  the	
  Basin	
  stored	
  as	
  surface	
  water	
  

•  Amazon	
   drainable	
   water	
   storage	
   quanQfied	
  
observaQonally	
  at	
  1766	
  km3	
  

•  Basin	
   waters	
   demonstrate	
   an	
   average	
   2-­‐
month	
  residence	
  Qme	
  

•  AssumpQon	
  of	
   linearity	
   in	
   storage-­‐discharge	
  
needs	
  further	
  exploraQon	
  



Lucey, Reager and Lopez (in prep) 

3.	
  Terrestrial	
  water	
  storage	
  anomalies	
  and	
  surface	
  water	
  formaQon	
  

•  Surface	
  Water	
  Microwave	
  Product	
  
Series	
  (SWAMPS)	
  

•  %	
  fracQonal	
  surface	
  inundaQon	
  	
  
•  0.25°	
  x	
  0.25°,	
  daily	
  (original	
  spaQal/	
  

temporal	
  scale)	
  

•  Flood	
  events	
  can	
  be	
  observed	
  through	
  
SWAMPS	
  



Lucey, Reager and Lopez (in prep) 

3.	
  Terrestrial	
  water	
  storage	
  anomalies	
  and	
  surface	
  water	
  formaQon	
  

Climatology	
  
•  Long-term monthly average 

of observations (i.e. Grab all 
January values and average) 

•  Provides general relationship 
•  Robust regressions 



Lucey, Reager and Lopez (in prep) 

3.	
  Terrestrial	
  water	
  storage	
  anomalies	
  and	
  surface	
  water	
  formaQon	
  

•  How well this linear model explains the response 
variable  

•  Significant improvement with multi-linear regression 

•  Gives a mapping of where storage drives runoff on 
average, where GRACE is most useful in flood prediction 

R2 for SWAMPS and GPCP+Grace 
Climatology 

R2 for SWAMPS and GPCP 
Climatology 

R2 for SWAMPS and GRACE 
Climatology 



Future:	
  Column	
  soil	
  moisture	
  and	
  runoff	
  generaQon	
  
processes	
   36km,	
  8-­‐day	
  

50km	
  (scaled),	
  30-­‐day	
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With	
  GRACE-­‐FO	
  and	
  SWOT	
  together:	
  
	
  
•  We	
  can	
  see	
  storage	
  and	
  discharge	
  at	
  

more	
  places	
  than	
  gages	
  alone	
  

•  Introduces	
  the	
  ability	
  to	
  spaQally	
  resolve	
  
these	
  relaQonhips	
  

•  Will	
  improve	
  model	
  performance,	
  runoff	
  
generaQon,	
  flood	
  predicQon	
  and	
  the	
  
terrestrial	
  water	
  balance	
  

j p l . n a s a . g o v  



Summary	
  

•  SaturaQon	
  of	
  soils	
  and	
  more	
  groundwater	
  leads	
  to	
  runoff	
  generaQon	
  called	
  
‘baseflow’	
  –	
  GRACE	
  is	
  really	
  the	
  only	
  way	
  to	
  get	
  insight	
  here	
  

•  Linking	
  terrestrial	
  water	
  storage	
  to	
  independent	
  river	
  runoff	
  observaQons	
  may	
  
provide	
  a	
  means	
  to	
  beTer	
  understand	
  runoff	
  generaQon	
  processes	
  for	
  models	
  

•  ConQnuing	
  work	
  needs	
  to	
  be	
  done	
  in	
  demonstraQng	
  the	
  use	
  of	
  GRACE	
  
observaQons	
  in	
  esQmaQng	
  the	
  Total	
  Drainable	
  Water	
  Storage	
  for	
  different	
  regions	
  

•  Eventually	
  models	
  can	
  use	
  these	
  relaQonships	
  as	
  a	
  reference	
  data	
  set	
  to	
  tune	
  
runoff	
  generaQon	
  processes	
  and	
  beTer	
  predict	
  extremes.	
  

QuesQons	
  :	
  john.reager@jpl.nasa.gov	
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