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Abstract

Here, we evaluate basin-scale evapotranspiration (ET) estimates for eleven major river basins
in the contiguous United States against a water balance approach with Gravity Recovery and Climate
Experiment (GRACE) satellite observations. The relatively precise measurements of large-scale changes in
water mass from GRACE are used to estimate the storage rate term in the terrestrial water budget and
consequently provide an estimate, with propagated uncertainty, of basin-aggregated ET from mass
conservation. We apply GRACE-based ET to two modeling systems (NLDAS-2 and GLDAS-2.1) comprised
of five land surface models and three remote sensing-based products (MOD16, PT-JPL, and FLUXCOM)
for 2003 to 2014. Both the land surface model-based and remote sensing-based ET are persistently lower
than GRACE-based ET in all eleven basins tested. We also find that interannual variability is greater for
GRACE-ET than the model and remote sensing products, and this is attributed to precipitation variability.

1. Introduction
Evapotranspiration (ET) is defined as the loss of water to the atmosphere through vaporization from the
land surface and transpiration of plants and constitutes a fundamental flux in global and regional hydrological and energy cycles. Correct knowledge of ET is critical for understanding water availability and
demand (McCabe & Wood, 2006), local hydrometeorology (Koster et al., 2003), and for closure of the surface
energy budget (Trenberth et al., 2009). The hydrological cycle is expected to intensify in a warming climate
(Huntington, 2006), but as yet, observed global trends in ET remain contested (Dong & Dai, 2017; Fisher
et al., 2017). The river basin is also often the scale of interest in water resources management, and therefore,
accurate knowledge of large-scale ET fluxes is needed.
ET is inherently difficult to measure, and as a result, large discrepancies exist across observational estimates
because of the differences in methodological approach and assumptions, issues in scaling, and the associated
and resulting uncertainties (Liu et al., 2016; Senay et al., 2011; Wang & Dickinson, 2012). Similarly, there
is often much difference across numerical modeling approaches and the associated future projections of
ET responses to climate change, due to physical parameterizations and model structural representations
(Dai & Zhao, 2017; Milly & Dunne, 2010; Wang et al., 2015).
Because of the difficulty in capturing and quantifying evapotranspired water vapor, the most direct in
situ approach involves a measurement of soil mass loss, such as that estimated by a weighing lysimeter
(Wang & Dickinson, 2012). Proxy approaches can be applied that use changes in relative land surface temperature or atmospheric turbulence, but these approaches are affected by the errors resulting from the complex
nonlinearities between atmospheric or land-surface proxies and actual ET. For example, eddy covariance
methods have been used to estimate ET from in situ stations, but suffer from uncertainty due to gap infilling from missing data, and due to upscaling beyond the approximate and variable 1-km representative area
(Baldocchi, 2003). Eddy-covariance techniques tend to be the standard for the validation of ET at local scales
(Baldocchi et al., 2001). However, these networks are sparse in time and space and present challenges when
used in larger basin-scale evaluations.
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ET can also be indirectly estimated from a combination of radiative, atmospheric, and surface data using
various algorithms (Penman-Montieth (Penman, 1948), Priestly-Taylor (Priestly & Taylor, 1972), and Thornthwaite (Thornthwaite, 1948)) (see Table 1). These algorithms require various inputs including temperature,
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Table 1
Summary of Algorithms and Variables
Model/Variable
Penman-Montieth

Algorithm

Units

Reference

e −e
Δ(Rn −G)+𝜌a cp sr a
a
rs
Δ+𝛾(1+ r )

mm day−1

Penman (1948)

)a
16( 10T
I

mm day−1

Thornthwaite (1948)

a

Thornthwaite
Priestley and Taylor

Δ(Rn −G)
𝛼( Δ+𝛾
)

mm

day−1

m−2

Net radiation

Rn

MJ

Soil heat flux

G

MJ m−2 day−1

Vapor pressure deficit

(es − ea )

kPa

Mean air density

ra

kg m−3

Specific heat air

cp

MJ kg−1 ◦ C−1

Slope saturation vapor pressure

Δ

kPa ◦ C−1

Pyschrometric constant

𝛾

kPa ◦ C−1

rs , ra

s m−1

Temperature

T

◦C

Heat index

I

◦C

Constants

𝛼, a

Bulk surface and aerodynamic resistances

Priestley and Taylor (1972)

day−1

water vapor pressure, net radiation, and information on the land cover and vegetation type to calculate ET
(Fisher et al., 2011). Remote sensing-based products (from remote sensing and FLUXCOM) and land surface
models (LSMs) use (respectively) in situ measurements, satellite observations, and variables in algorithms
to produce global gridded ET variables (e.g., Fisher et al., 2008; Mu et al., 2007; Zhang et al., 2010). An advantage of these ET products is the large spatial and temporal scales they produce. However, their accuracy is
limited by the quality of the input observations and is also sensitive to the choice of algorithm used (Badgley et al., 2015; Fisher et al., 2017; Gao et al., 2010; Polhamus et al., 2013). Many of the parameters required
by the ET algorithms, for example, stomatal resistance, aerodynamic resistance (in Penman-Montieth) may
also be challenging to retrieve globally (Fisher et al., 2017). Furthermore, at the basin scale, bulk estimates
of ET from gridded observation, remote sensing, and LSMs are difficult to validate due to the sparse network
of in situ monitoring sites as mentioned above. To overcome this, previous studies have assessed bulk ET
from models and observations using independent ET estimates and water balance closures with runoff and
precipitation data only (Long et al., 2014; Miralles et al., 2016); however, these approaches are also limited
by relying on single data sets especially in the choice of precipitation (Gibson et al., 2019).
Since 2002, the Gravity Recovery And Climate Experiment (GRACE) (Tapley et al., 2004) has provided accurate global measurements of terrestrial water storage anomalies (TWSA) improving our knowledge of the
dynamic terrestrial hydrological cycle by revealing formerly hidden information of changes in aggregated
water storage, including water in groundwater, soils, surface water, vegetation water, and snow (e.g., Rodell
et al., 2018). One constraint of the GRACE observations is that the spatial resolution of the measurements is
defined by the spacecraft orbit, and GRACE measurements are generally characterized by reduced measurement error with increasing signal magnitude and increasing spatial resolution. Data products are produced
with a nominal monthly temporal resolution and come with a formal error product.
Using a water balance approach, GRACE TWSA can be combined with precipitation and runoff data to calculate basin-scale ET (Güntner, 2008; Ramillien et al., 2006; Rodell et al., 2011, 2004). GRACE also provides
a novel opportunity to estimate basin-scale ET as TWSA captures all water fluxes, both from natural climate
(precipitation, soil moisture, ice and snow mass, and runoff), as well as from interference in the hydrological cycle by human activity (irrigation, reservoir creation, and groundwater extraction) (Castle et al., 2016;
Rodell et al., 2009, 2011).
Basin-scale GRACE-ET (ETGRACE ) estimates are constrained by the accuracy and availability of runoff and
precipitation data. In the contiguous United States, runoff data is readily provided by the United States Geological Survey (USGS) and is one of the more accurately measured components of the hydrological cycle
PASCOLINI-CAMPBELL ET AL.
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Figure 1. (a) Map showing river basins used in this study: (1) Mississippi, (2) Upper Mississippi, (3) Missouri, (4)
Columbia, (5) Arkansas-White-Red, (6) Colorado, (7) Bravo, (8) Texas Gulf Coast, (9) Ohio, (10) Upper Colorado, and
(11) Sacramento-San Joaquin. Shading indicates elevation (meters). (b) Map showing the eleven basins and aridity
index (PET/P) calculated using NARR PET and CPC-based precipitation from NLDAS-2 forcing.

(Fekete & Vörösmarty, 2007). Precipitation error is introduced by different measurement techniques (satellite, rain gage, and reanalysis) (Gehne et al., 2016) and, for large basins in the United States, is typically
the greatest uncertainty in the water balance (Gao et al., 2010). Because GRACE does well at larger spatial
scales, for large river basins, uncertainty introduced by TWSA in the terrestrial water budget is relatively low
(Ramillien et al., 2006). In light of the uncertainty associated with precipitation, previous studies have used
ensembles of precipitation to calculate water balance ET for river basins in the United States and globally
(Liu et al., 2016; Swann & Koven, 2017).
In this study, we calculate ETGRACE for eleven major U.S. basins for 2003 to 2016 and evaluate five LSM-based
and three remote sensing-based products against ETGRACE . We use USGS runoff and seven different precipitation data sets to calculate ETGRACE , building upon previous studies (Liu et al., 2016; Swann & Koven,
2017). Although this method is limited by the accuracy of the input data sets (Swann & Koven, 2017), it produces estimates of ET which are constrained by mass conservation and can therefore be used to evaluate
basin-scale ET fluxes which is not currently possible through the sparse Fluxnet network. Given that errors
may accumulate in LSM and remote sensing products over larger scales, GRACE-based ET therefore has
the potential to provide a check on basin-scale ET products. Accurate knowledge of basin-scale ET is of use
for water resource management, in which the basin is the policy-relevant scale, and may also inform the
development of LSM and remote sensing ET products.

2. Methods
2.1. River Basins
We focus our analysis on eleven river basins in the United States as follows: Mississippi, Upper Mississippi,
Missouri, Ohio, Arkansas-White-Red, Columbia, Colorado, Upper Colorado, Bravo, Texas Gulf Coast, and
Sacramento-San Joaquin (Figure 1). We choose to calculate ET for both the entire Mississippi and its encompassing basins in order to examine the sensitivity of ET accuracy to scale. The large scale of the basins used
in this study is intended to increase the reliability of our ETGRACE estimate which is limited by the coarse
resolution of GRACE TWS mascons (Ramillien et al., 2006).
PASCOLINI-CAMPBELL ET AL.
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Table 2
Summary of USGS Discharge Data
River

Gage

Gage

Temporal

Basin

Location

Number

Availability

Vicksburg, Mississippi

07289000

2008–2018

Mississippi
Upper Mississippi
Missouri
Columbia
Arkansas-White-Red
Colorado

Thebes, Illinois

07022000

1989–2019

Hermann, Missouri

06934500

1987–2017

Dalles, Oregon

14105700

1989–2019

Birchbank, British Columbia

12323000

1982–2016

Spring Bank, Arkansas

07344370

1997–2019

Ft. Smith, Arkansas

07249455

1997–2019

Above Imperial Dam, Arizona-California

09429490

1976–2019

Bravo

Rio Grande near Brownsville, Texas

08475000

2003–2011

Texas Gulf Coast

Brazos River near Rosharon, Texas

08116650

1967–2018

Ohio
Upper Colorado
Sacramento-San Joaquin

Red River at Spring Bank, Arkansas

07344370

1997–2018

Sabine River near Ruliff, Texas

08030500

1924–2019

Trinity Canal near Dayton, Texas

08067070

1981–2019

Old Shawneetown, Illinois-Kentucky

03381700

2002–2019

Lee's Ferry, Arizona

09380000

1921–2019

Verona, California

11425500

1929–2019

San Joaquin near Vernalis, California

11303500

1923–2018

2.2. Mass Conservation ET estimate (ETGRACE )
For each of the eleven basins, we use a water balance approach to calculate ET for 2003 to 2016 (or for the
years within this period available in USGS runoff data). We calculate ET as
ETGRACE = P − Q −

dS
,
dt

(1)

is the change in total water storage (at monthly
where P is precipitation, Q is runoff at the basin outlet, and dS
dt
resolution), which is calculated from GRACE TWS (Ramillien et al., 2006).
For the GRACE TWS and uncertainty grids, we use the most recent GRACE mascon solution RL06 (available
online at: https://podaac.jpl.nasa.gov/dataset/). We choose to use only the RL06 mascon solution in this
study, as it represents an improvement from previous spherical harmonic solutions by reducing leakage
error (Watkins et al., 2015; Wiese et al., 2016). We use linear interpolation for missing months.
Although the GRACE TWSA data are provided on a monthly time step, they are not collected uniformly,
and therefore, signals from neighboring months introduce errors that accumulate in the differencing process and introduce high frequency artifacts (Landerer et al., 2010). To address this issue, we use a centered
finite difference approach to obtain dS
, which is effectively a smoothing operation (Landerer et al., 2010). To
dt
,
we
find
the
change
in
water
storage for 1 month by differencing the preceding and following
calculate dS
dt
months and dividing by 2 ΔT (where ΔT is 1 month). This method has been used in a number of studies
(Landerer et al., 2010; Long et al., 2014; Swann & Koven, 2017).
To examine the sensitivity of using the centered finite difference approach, we compare the time series of
ET for each basin using this method as well as a backward difference method (not shown). We do not find
any significant differences in the mean ET for any basins when using the different methods to calculate ET
(using a Student's t test and 𝛼 = 0.05). We also compare the seasonal cycles generated from either method
and do not find any differences in the timing of peak ET.
Q is from USGS gaged-monthly discharge at the outlet of each of the basins (Table 2) (available online at
https://waterdata.usgs.gov/). We select the stream gage closest to the outlet of the river basin for which data
is available over the time period of interest (2003–2016). When more than one outlet station is used for Q
(for example, the Texas Gulf Coast), the different time series of Q are added together, and this new series of
total Q is used to calculate ET in (1).

PASCOLINI-CAMPBELL ET AL.
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Table 3
Models and Data Sets
Data
GLDAS Version 2.1 Noah
GLDAS Version 2.1 CLSM

Temporal

Temporal

Availability

Resolution

Variable

2000–present

Monthly

ET (LSM-based)

2000–2014

Daily

ET (LSM-based)

NLDAS Version 2 Noah

1979–present

Monthly

ET (LSM-based)

NLDAS Version 2 Mosaic

1979–present

Monthly

ET (LSM-based)

NLDAS Version 2 VIC

1979–present

Monthly

ET (LSM-based)

MOD16

2000–2014

Monthly

ET (r.s. derived)

AVHRR PT-JPL

2002–2017

Monthly

ET (r.s. derived)

FLUXCOM

2001–2014

Monthly

Latent Heat (r.s. and obs. derived)

PRISM

1895–present

Monthly

Precip (Gage)

GPCC

1891–2016

Monthly

Precip (Gage)

CRU TSv4.02

1901–present

Monthly

Precip (Gage)

1979–2018

Monthly

Precip (Gage)

GHCN CLIMGRID

1895–present

Monthly

Precip (Gage)

NLDAS-2 Forcing

1979–present

Monthly

Precip (Gage)
Precip (Reanalysis)

CPC

MERRA-2

1980–2019

Monthly

NARR

1979–2018

PET (Reanalysis)

For precipitation, we use seven different data sets in order to constrain calculated ET in light of the errors
associated with precipitation (as in Swann & Koven, 2017). These include Parameter-elevation Relationships
on Independent Slopes Model (PRISM) data set available at 1/8◦ spatial resolution (Daly et al., 2008), Global
Precipitation Climatology Centre (GPCC) station based gridded data at 0.5◦ resolution (Schneider et al.,
2016), Climatic Research Unit (CRU) gridded precipitation data version TS v4.02 based on observations
and gridded at 0.5◦ resolution (Harris et al., 2014), Climate Prediction Center (CPC) Unified Gauge-Based
Analysis of Daily Precipitation over the continental US available at 0.25◦ resolution (Chen et al., 2008; Xie
et al., 2007), Global Historical Climatology Network (GHCN) gridded daily precipitation available at 1/8o
resolution (CLIMGRID) (Vose et al., 2014), 1/8◦ resolution precipitation from the North American Land
Data Assimilation System (NLDAS-2) forcing which uses CPC-based precipitation adjusted with PRISM
topography (Daly et al., 1994; Higgins et al., 2000), and finally, MERRA-2 Reanalysis precipitation at 0.5o by
0.625◦ (Gelaro et al., 2017) (Table 3). All the precipitation data sets used are at a monthly temporal resolution.
for each basin) are
The different components of equation (1) (precipitation [P], outlet discharge [Q], and dS
dt
plotted in Figures 2 and 3 over the period of availability. The magnitude of P and dS
tend
to dominate Q
dt
in the calculation of ET. Several basins (Mississippi and Bravo) do not have USGS records of Q extending
through to 2016 at the outlet gages.
2.3. LSM ET Products
Model-derived ET is taken from the Global Land Data Assimilation System (GLDAS) Version 2.1 for the
Noah and Catchment Land Surface Model (CLSM) models (available online at https://disc.gsfc.nasa.gov/)
(Rodell et al., 2004) (see Table 3). These are available from 2000 to present at a monthly and daily temporal resolution, and 0.25◦ globally. We also use output from NLDAS-2 Noah, Mosaic, and VIC models which
have a resolution of 1/8◦ over North America from 1979 to present (Xia et al., 2012). In the study, we create multi-model averages of ET for the GLDAS-2.1 (Noah and CLSM) and NLDAS-2 (Noah, Mosaic, and
VIC) outputs. Each of the LSMs uses a Penman-Montieth-based formulation for PET with different parameterizations to obtain actual ET (Kumar et al., 2018). The parameterizations are based on scaling PET using
variables related to vegetation, land surface, and water availability.
2.4. Remote Sensing-Based ET Products
We use three different ET products derived from observations and remote sensing. First, we use
MODIS Global Evapotranspiration Project (MOD16) which calculates ET using an algorithm based on
Penman-Montieth (Mu et al., 2011). MOD16 is available from 2000 to 2014 at a spatial resolution of
PASCOLINI-CAMPBELL ET AL.
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Figure 2. For each basin: seven precipitation products mean (black line), discharge at outlet (blue line), and GRACE
dS
(red line) for 2003-2016. y-axis units are in mm month−1 .
dt

PASCOLINI-CAMPBELL ET AL.
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Figure 3. Seasonal cycles of precipitation (plotted as the mean of the seven data sets) (black line), runoff (blue line),
and dS
(red line) for 2003–2016. The red shading indicates the standard deviation in monthly precipitation over the
dt
period of 2003 to 2016.

0.05◦ (available online at http://files.ntsg.umt.edu/data/NTSG_Products/MOD16/). The algorithm uses
land cover, leaf area index (LAI), fraction of photosynthetically active radiation (FPAR), and albedo from
MODIS, as well as meteorological reanalysis data from MERRA GMAO (including air pressure, temperature,
humidity, and radiation) to calculate ET.
Second, we use ET calculated using the updated Priestly-Taylor Jet Propulsion Laboratory algorithm
(PT-JPL); we use PT-JPL data at 36-km resolution (Fisher et al., 2008). The PT-JPL algorithm uses net
radiation, normalized difference vegetation index (NDVI), soil adjusted vegetation index, maximum air temperature, and water vapor pressure to reduce potential ET (PET) (see Table 1; Priestley & Taylor, 1972) to
actual ET. The algorithm also partitions total ET into three sources: canopy transpiration, soil evaporation,
and interception evaporation (Fisher et al., 2011). Input variables to the calculation are taken from remote
sensing and observations (Fisher et al., 2008).
We also use ET from FLUXCOM which integrates satellite observations, meteorological measurements,
Fluxnet sites, and different machine learning algorithms to estimate carbon and energy fluxes (Jung et al.,
2019). FLUXCOM is available from 2001 to 2014 at a resolution of 0.5◦ (available online at http://www.
fluxcom.org). The FLUXCOM data involve two different products: one is based entirely on remote sensing
data (RS), and one involves both remote sensing data and meteorological observations (RS + METEO) (Jung
PASCOLINI-CAMPBELL ET AL.
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2 = 𝜎2
2 , and 𝜎
Figure 4. The error for ETGRACE is decomposed as 𝜎ET
+ 𝜎P2 + 𝜎Q
dS∕dt , 𝜎P , and 𝜎Q are plotted for each
dS∕dt
of the eleven basins.

et al., 2019). In this study, we average the different data sets to obtain a single FLUXCOM series for each of
the basins.
Given the different temporal availabilities of the products, we focus on the period 2003 to 2014 in order to
obtain the maximum number of complete overlapping years of data.
2.5. Uncertainty Treatment for ET Estimates
For our calculated ETGRACE , the uncertainty comprises three different components: (1) the time-varying
GRACE dS
monthly uncertainty which involves propagating the error of TWSA by adding the error variance
dt
of the two months of TWSA used in the calculation (as in Castle et al., 2016), (2) the uncertainty in discharge,
(3) uncertainty in precipitation (Rodell et al., 2004).
For the TWSA error, we use the formal uncertainty grids provided with the GRACE mascon solutions.
Although the grids are provided at 0.5◦ × 0.5◦ resolution, the real resolution of the mascon is much coarser
(3◦ × 3◦ ). We therefore convert the grids into mascon averages, which reduces the grid to 4,551 unique estimates globally. For each basin, we calculate an area weighted root sum of squares, where if, for example, the
river basin is only partially covering a mascon, the weighted value of the uncertainty for the covered area is
used in the basin uncertainty calculation (personal communication, David Wiese).
For USGS runoff, errors have been found to range from 2% (ideal conditions) to 20% (very poor conditions)
with most measurement errors between 3% and 6% (Sauer & Meyer, 1992). In this study, we use 10% for Q
as higher estimate for error. Uncertainties ranging from 5% to 15% have been used in other studies for USGS
hydrological measurements (Castle et al., 2014, 2016; Senay et al., 2011; Thomas et al., 2016).
For error in precipitation, we use the standard deviation of the time series of the seven different precipitation
data sets. The error of TWSA is also spatially averaged according to the area of the drainage basin in question,
2
reducing the overall error at larger scales associated with this quantity. Overall uncertainty for ETGRACE (𝜎ET
)
is then calculated as
2
2
𝜎ET
= 𝜎ds∕dt
+ 𝜎P2 + 𝜎Q2 .

(2)

We plot the error budget for ETGRACE in terms of its individual components 𝜎dS∕dt , 𝜎P , and 𝜎Q as described
in equation (2) above (Figure 4). We also calculate the individual errors as a percentage of the total error
(Table 4). For seven of the eleven basins, 𝜎P is the largest source of error accounting for up to 60.3% of the
total error in the Upper Mississippi basin. We also note that the error due to 𝜎dS∕dt is larger in the smaller
basins (Texas Gulf Coast, Ohio, Upper Colorado, and Sacramento-San Joaquin). This is consistent with other
PASCOLINI-CAMPBELL ET AL.
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Table 4
Error Budget: Components of Error as Percentage of Total ETGRACE error (%)
dS∕dt

P

Q

Mississippi

30.8

53.6

15.7

Upper Mississippi

32.2

60.3

7.5

Missouri

41.9

53.6

4.5

Columbia

39.7

45.9

14.4

Arkansas-White-Red

52.6

42.2

5.2

Colorado

57.9

41.3

0.8

Bravo

48.1

51.8

0.1

Texas Gulf Coast

60.5

36.7

2.7

Ohio

42.2

44.0

13.8

Upper Colorado

60.0

38.0

2.0

Sacramento-San Joaquin

44.4

44.9

10.8

studies that have shown that uncertainty increases for smaller river basins due to the coarse resolution of
the GRACE mascons (Wiese et al., 2016).
For the LSM-based ET, no formal uncertainty products are presented. We therefore define an uncertainty as
the standard deviation among the independent model estimates. That includes a spread across five models,
three of those with independent forcing and run at a different resolution from the other two. These discrepancies in model structure, model forcing, and model resolution across this suite of models should be a fair
representation of all potential model error sources in the estimation of ET. It is beyond the scope of this
study to identify the individual error sources contributing to LSM-based ET estimates in individual models, but we take the spread across these estimates as the defined representation of several types of potential
uncertainties.
For the remote sensing-based ET products, no formal uncertainty products are presented. Therefore, uncertainty is estimated here as the standard deviation across the products. The three products used constitute the
state of the art in modern publicly available ET products, and differences between them represent differences
in fundamental assumptions, errors in measurement techniques, and errors in algorithm and approach. We
therefore take the spread across the popular ET products as a representative uncertainty of potential error
sources in remote sensing-based ET.

3. Results
3.1. Seasonal Cycle Comparison
We calculate the long-term mean seasonal cycle ETGRACE for each of the eleven river basins over 2003 to 2014
and compare it with the five model and three remote sensing-based products (Figure 5). The uncertainty
associated with ETGRACE is indicated by the shading, and in general, the uncertainty in our estimate is dominated by error propagation of TWSA into dS
. Wetter basins in the eastern United States have greater values of
dt
spring–summer ET, reaching approximately 100 mm month−1 for the Mississippi, 125 mm month−1 for the
Upper Mississippi, and 75 mm month−1 for the Columbia. More arid basins have lower values, with approximately 60 mm month−1 for the Bravo, 75 mm month−1 for the Sacramento-San Joaquin, and 50 mm month−1
for the Upper Colorado.
In general, the timing and seasonality of ET agree for the different products compared with ETGRACE , except
for MOD16 ET, which stands out as below the other estimates. Notable differences include the two-peaked
ET for the Colorado, Upper Colorado, Bravo, and Texas Gulf Coast rivers in ETGRACE which does not appear
in the modeling and remote sensing-based products. The basins containing two-peaked seasonal cycles of
ET also are characterized by two-peaked seasonality in precipitation (which is the largest contribution in
the calculation of ET and of particular importance in arid basins (Ukkola & Prentice, 2013) (Figure 3). Ohio
ETGRACE indicates a small ET peak in winter, which is also consistent with the winter peak in precipitation
which occurs in this basin (Figure 3).
PASCOLINI-CAMPBELL ET AL.
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Figure 5. Seasonal cycle of ETGRACE (red line and shading), LSM-based ET, and remote sensing-based ET annually
averaged over 2003–2014.

3.2. Evaluation of ET products against ETGRACE
We use observed climate variables to calculate the water budget closure to address how well LSM-based
and remote sensing-based ET products can close the water budget on long time scales (over 2003 to 2014)
(Figure 6). For each ET product, we calculate
Water budget closure:
Water budget closure = P − E − Q −

dS
,
dt

(3)

are taken as the long-term average values corresponding to each basin. For P, we
where P, E, Q, and dS
dt
use an average of the seven precipitation products used to calculate ETGRACE , Q is from USGS, and dS
from
dt
dS
GRACE. Provided there are no major changes in storage dt (for example, from groundwater extraction and
glacier retreat), it is expected that in the long term, the water budget closure should be equal to zero.
The average water budget residual for ETGRACE , which is calculated using the water balance (2), is by definition zero, implying that it accounts for all fluxes of water in the long term. We also plot the standard
deviation in the water budget closure for each of the seven members of the ETGRACE ensemble against mean
P (indicated by error bars on Figure 6). This demonstrates variability in the water balance closure due to
precipitation. For the rest of the analysis, we assess model and remote sensing-based ET products against
mean ETGRACE , which does close the water balance.
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Figure 6. Water budget closure for the LSMs and remote sensing-based products using observed precipitation (mean of
over 2003–2014 for each of the eleven basins used in this study. For ETGRACE , we
the seven data sets), runoff and dS
dt
plot the mean closure (indicated by red points) and the standard deviation of the water budget closure for the
individual members of the ETGRACE ensemble (red error bars).

Note that for the LSM-based ET products, this is not an evaluation of successful mass budget closure within
the LSMs. This is an independent assessment using well-constrained discharge and terrestrial water storage
observations of whether the LSM-based ET estimate leads to mass budget closure in the real world. Because
many models do impose a water mass balance, and other LSM-based variables (e.g. storage and runoff) may
be erroneous, we can expect a priori that successful closure may be unlikely.
Figure 6 demonstrates the water budget non-closure when using different ET estimates (also see Table 5).
For all basins (except GLDAS2.1-CLSM and NLDAS-2 Mosaic), ET estimates generally result in an overall
net positive water balance, indicating that ET is smaller in magnitude for models and remote sensing-based
products compared with climatological water balance closure. We compare the long-term mean of the precipitation forcing used for the NLDAS-2 and GLDAS-2.1 models against the mean of the seven precipitation
data sets and find that the model precipitation forcing is biased low in all basins compared to the seven
data sets used in this study to calculate ETGRACE (not shown). This provides a potential explanation for the
greater value of ETGRACE compared to many of the LSM-based ET estimates. Reasons for the greater values

Table 5
Comparison of LSM and Remote Sensing-Based ET with ETGRACE
Mi

UM

MS

CU

Ar

Co

Br

Tx

Oh

UC

Sc

GLDAS-2.1 Noah

−

−

−

−

−

−

−

−

+

−

−

GLDAS-2.1 CLSM

+

+

−

+

−

−

−

−

+

−

+

NLDAS-2 Noah

−

−

−

−

−

−

−

−

−

−

−

NLDAS-2 Mosaic

+

+

+

+

−

−

−

−

+

−

−

NLDAS-2 VIC

−

−

−

−

−

−

−

−

−

−

−

PT-JPL

−

−

−

−

−

−

−

−

−

−

−

FLUXCOM

−

−

−

−

−

−

−

−

−

−

+

MOD16

−

−

−

−

−

−

−

−

−

−

−

Note. + (−) indicates that the long-term mean ET is greater (smaller) than ETGRACE .
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Figure 7. Seasonal cycle of ET including the uncertainty for ETGRACE , LSM-based ET, and remote sensing-based ET
annually averaged over 2003–2014. Shading indicates the uncertainty.

of NLDAS-2 Mosaic in several basins could be attributed to other differences in model forcing not explored
in this study.
Next, we plot the mean seasonal cycle of ETGRACE , LSM-based and remote sensing-based ET along with the
monthly uncertainty (described in section 2.5) (Figure 7). ETGRACE tends to exceed mean LSM-based and
remote sensing-based ET during the spring and summer in multiple basins (see also Table 5). The range of
potential ET values (shown by the shading), however, is large, accounting for 5% (Mississippi) up to 18%
(Colorado) of total monthly ET during certain months.
We also investigate the relationship between the relative uncertainty (mean uncertainty divided by mean
ET) for each of the ET products against basin size, aridity, and forest cover (not shown) as these variables
have been found to be related to ET uncertainty (Long et al., 2014; Velpuri et al., 2013). Relative error was
found to only be significantly related to basin aridity and forest cover for remote sensing-based ET. We did
not find any significant relationships for LSM-based and ETGRACE with any of the variables.
We then calculate the long-term mean bias against ETGRACE of LSM-based and remote sensing-based ET as
𝜖bias = ETproduct − ETGRACE .

PASCOLINI-CAMPBELL ET AL.

(4)

12 of 18

Water Resources Research

10.1029/2019WR026594

Figure 8. Top: (a) Monthly bias of model (black shapes) and remote sensing-based derived (red shapes) ET for mean
spring–summer (May to August). Bottom: (b) Long-term mean annual ET bias for each basin. Error bars indicate the
uncertainty for the bias (which is calculated as the sum of the variance of the error for the ET estimate (model or
remote sensing-based) and ETGRACE ). Biases are calculated for mean ET over 2003 to 2014.

Bias is calculated for long-term annual (Figure 8, bottom panels) and spring-summer ET (Figure 8, top
panels). Uncertainties in the bias estimates are calculated as the sum of the variances of the LSM-based and
remotely sensed products with the error variance of ETGRACE and is plotted as error bars.
Overall, we find that all basins are negatively biased when compared with ETGRACE for the annual mean.
For spring to summer (May to August), we find that LSM-based and remote sensing-based ET is also lower
for all basins, except for the Columbia LSM-based ET which is slightly greater than ETGRACE (however, this
bias is not significant) (Figure 8, top panel).
We note that the uncertainty in the bias estimates (as indicated by the error bars) is large and increases for the
spring–summer with uncertainty of up to 20 mm month−1 (Columbia, Ohio, and Sacramento-San Joaquin).
These large uncertainties indicate the biases could change sign based on the particular model or remote
sensing-based estimate used. The only estimates that are significantly negatively biased for May to August
(with a negative sign over the full range of uncertainty) are remote sensing-based ET during the spring and
summer for the Upper Mississippi, Missouri, and Arkansas-White-Red and for LSM-based Arkansas-White
Red. For the annual mean, the only significantly negative biased products are for remote sensing-based
Upper Mississippi and Texas Gulf Coast.
3.3. Interannual Variability
To investigate how closely LSM-based and remote sensing-based ET agree with ETGRACE on interannual time
scales, we removed the seasonal cycle from the time series of each (with each of the time series smoothed at
5 months) (Figure 9). The monthly interannual time series exhibit a large amount of variability in ETGRACE
compared to the LSM and remote sensing-based estimates despite smoothing.
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Figure 9. Time series of monthly ETGRACE , LSM, and remote sensing-based ET with seasonal cycle removed. All time
series have been smoothed by 5 months. In each figure, we also include the r value for the correlation between
ETGRACE and LSM, and ETGRACE and RS.

We correlate the ETGRACE series with the LSM-based and remote sensing-based ET and find that in all basins,
the r value was greater for the correlations with the LSM-based products. The basins that have the greatest
agreement with ETGRACE in interannual variability ( r > 0.80 ) are the Bravo (r = 0.85 [LSM], r = 0.82
[RS]) and the Texas Gulf Coast basin (r = 0.85 [LSM], r = 0.80 [RS]). The basins with the least agreement
(r < 0.50) are the Columbia basin (r = 0.46 [LSM], r = 0.35 [RS]), Ohio basin (r = 0.37 [LSM], r = 0.20
[RS]) and Sacramento-San Joaquin (r = 0.46 [LSM], r = 0.38 [RS]).
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We also create multiple linear regressions for interannual ETGRACE using the interannual variability in
(not shown). We find that in all basins, precipitation explains most of the variprecipitation, Q, and dS
dt
ability in interannual ETGRACE ranging from 48% (Columbia) to over 83% (Bravo), with most basins above
65% (Mississippi, Upper Mississippi, Missouri, Arkansas-White-Red, Colorado, Bravo, Texas, and Upper
Colorado).
We note that Ohio basin seasonal cycle removed ETGRACE is increasing by 2.52 mm year−1 over the period
2003 to 2014 (positive trend significant using a Mann-Kendall test at 𝛼 = 0.05). A positive trend also exists
for seasonal cycle removed LSM-based (0.29 mm year−1 , significant using a Mann-Kendall test at 𝛼 = 0.05)
and remote sensing-based ET (0.06 mm year−1 , not significant using a Mann-Kendall test at 𝛼 = 0.05). The
positive trend in ETGRACE is primarily attributed to a negative trend in outlet Q (−2.88 mm year−1 ) over this
time period (negative trend significant using a Mann-Kendall test at 𝛼 = 0.05). Trends in precipitation and
dS
are not found to be significant.
dt

4. Discussion
We find that ETGRACE is greater in magnitude than the aggregated model and remote sensing-based ET both
annually and during the summer months of peak ET. In all cases, we find that aggregated LSM-based ET
is persistently greater than remote sensing-based ET, consistent with the literature (Gao et al., 2010). This
is likely due to the MOD16 product which has lower magnitude ET for the majority of basins. Knowledge
of these biases could also inform future analyses of ET at basin scales. We also find that the precipitation
forcing data used to drive the NLDAS-2 and GLDAS-2.1 models is biased low compared to the mean of the
seven precipitation data sets we use to calculate ETGRACE for all basins. This suggests a potential explanation
for the greater magnitude of ETGRACE compared to LSM-based estimates. Previous studies attributed the
higher ETGRACE values to irrigation and ground water extraction, which are not represented in LSMs or
remote sensing-based ET estimates (Castle et al., 2016; Pan et al., 2017). Our results are generally consistent
conceptually; however, we also find that the uncertainty associated with the negative biases is very large
and therefore on the basis of our findings, cannot claim definitively that ETGRACE is significantly larger in
magnitude, nor attribute a human influence.
In addition to providing a mass constraint on basin ET, ETGRACE estimates also have the potential to capture
hydrologic features not present in the LSM and remote sensing-based ET products. ETGRACE calculated for
the Texas Gulf Coast, Colorado, Upper Colorado, and Bravo river basins demonstrates two-peaked patterns,
which were also found to be present in the seasonal cycles of precipitation for these basins. Each of these
basins has a winter peak in precipitation followed by a summer peak which is related to the North American
summer monsoon (Adams & Comrie, 1997). Given the dominance of precipitation in the calculation of the
water balance, and particularly in arid basins (Ukkola & Prentice, 2013), we suggest that these represent
actual features of the seasonal cycle. In addition, we find that the Ohio river basin has a small ETGRACE peak
in the winter months (December–January) which also appears in the seasonal cycle of precipitation and is
not present in the LSM or remote sensing-based estimates.
, precipitation, and runoff, and analysis of the error budget for each basin indiError in ETGRACE is from dS
dt
cates that precipitation uncertainty is the greatest component of the error budget for larger basins such as
the Mississippi, Upper Mississippi, Missouri, and Columbia, in agreement with previous studies (Gao et al.,
2010). Precipitation error is known to increase in regions with complex terrain (such as the mountainous
western United States) and sparse rain gage measurements (Gibson et al., 2019). Despite these errors, by
using an ensemble of precipitation products, we present a range of ET values from our water balance calculation which combine both gage based and satellite precipitation measurements. For the smaller river basins,
the uncertainty in dS
increases due to the coarse resolution of the GRACE mascons (Wiese et al., 2016), repdt
resenting a caveat in using GRACE for basins which are much smaller than the GRACE mascon resolution.
We also note that although uncertainty from ETGRACE is similar in magnitude to that in LSMs and remote
sensing-based products used in this study, given that ETGRACE is based on observed variables and conserves
mass, the actual value of ET lies within the range of uncertainty of ETGRACE .
On interannual time scales, ETGRACE generally has greater variability than the LSM and remote
sensing-based products. This is attributed to the interannual variability of precipitation, which explains most
of the variability in ETGRACE (explaining 65% or more of ET variability for eight of the eleven basins in this
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study), and this is also in agreement with previous studies (Liu et al., 2016; Swann & Koven, 2017; Ukkola
& Prentice, 2013). This finding suggests using caution in the interpretation of interannual variability from
LSM and remote sensing-based ET products, which may not adequately represent climate variability.

5. Conclusion
We calculate ET using GRACE TWSA, USGS runoff and seven different precipitation data sets in a mass
conservation approach. We then use ETGRACE and the associated uncertainties as a best estimate of the total
evaporative water flux at the basin scale and over long time periods for eleven basins in the United States,
extending the work of previous authors (Liu et al., 2016; Long et al., 2014; Swann & Koven, 2017). Although
limited by the input data, this method provides a mass conservation constraint on basin-scale ET fluxes,
enabling ETGRACE to evaluate LSM and remote sensing products, which is not otherwise possible due to the
difficulties associated with upscaling sparse eddy covariance measurements (Baldocchi, 2003).
As we move to an era of increasing societal concern about water resources sustainability under the demands
of increasing population and changing climate, it is important to be able to provide scientific analysis at
the scales that matter for water policy. As hydrologists, we know that the fundamental spatial basis for
hydrological fluxes and stores is at the scale of the basin. At these scales, a river basin aggregates precipitation
into a river network, through which human activities such as water storage, diversion, and irrigation are
made possible. These concepts are fundamental to the modern science of hydrology and water resources
management.
However, no existing ET product is really built to operate at the basin scale. ET estimated through proxy
methods such as remote sensing or the upscaling of in situ measurements contains biases that get multiplied
and magnified in summation (Baldocchi, 2003). The unique value of the GRACE observations is that they
exhibit higher accuracy with increasing spatial domain; as the basin gets bigger, GRACE works better (Wiese
et al., 2016). Therefore, GRACE provides a check on the other existing upscaled ET approaches that can
inform developers of accumulated errors. Also, GRACE provides the best estimate of information at the
scales most relevant for water policy: for decision making over large domains and long timescales that affect
our ability to cope with increasing demands and variable supplies.
To conclude, the water balance method is useful in the evaluation of basin-scale ET fluxes as it provides a
mass conservation constraint. Given the large number of ET products currently available (Fisher et al., 2011;
Miralles et al., 2016), and the contrasting nature of current ET trends reported in the literature (Jung et al.,
2010; Zhang et al., 2015), evaluating basin-scale ET estimates is of importance for water resources, and may
help inform the development of LSM and remote sensing-based products.
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