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Abstract  

The complexity involved in accurate estimation and numerical simulation of regional 

evapotranspiration (ET) can lead to inconsistency among techniques, usually attributed to 

methodological deficiencies. Here we hypothesize instead that discrepancies in ET estimates 

should be expected in some cases and can be applied to measure the effect of anthropogenic 

influences in developed river basins.  We compare an ensemble of corrected ET estimates 

from land surface models with GRACE and MODIS satellite-based estimates in the 

intensively-managed Colorado River Basin to contrast the roles of natural variability and 

human impacts.  Satellite-based approaches yield larger annual amplitudes in ET estimates 

than land surface model simulations, primarily during the growing season.  We find a total 

satellite-based ET flux of 142 ± 7 MAF yr-1, with 38% due to anthropogenic influences 

during summer months.  We evaluate our estimates by comparison with reservoir storage and 

usage allotment components of the basin water management budget. 

 

Keywords: Colorado River Basin, Evapotranspiration, GRACE, Land Surface Models, 

Water Management 

Key points:  
x Current satellite-based observations of evapotranspiration (ET) in the Colorado River Basin 

are compared to land surface model estimates  
 

x GRACE- and MODIS-based estimates of ET yielded larger ET amplitudes during summer 
months compared to land surface model estimates that do not represent water management 

 
x Total basin-wide satellite-based observed ET is 142 ± 7 MAF yr-1 with water management 

practices contributing to as much as 38% of total ET over summer months 
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Introduction  

Currently, no methodology exists to directly observe intra-annual evapotranspiration (ET) 

over a large region such as a river basin.  Complex interactions among atmospheric, 

hydrologic, energy and anthropogenic variables complicate ET estimation at such scales. 

Land surface models and remote sensing observations enable ET estimates, but results from 

different methods do not always agree within their prescribed measurement errors. In 

developed river basins, human impacts on the natural environment through land use changes 

and water management greatly influence ET. As the basin deviates more from its “natural” 

behavior, complex interactions become more difficult to characterize and model.  This is 

especially true in the Colorado River Basin (CRB), the most heavily managed river basin in 

the world [Christensen et al., 2004; Castle et al., 2014], which supports the water needs of 

about 38 million people and approximately 4-6 million acres of irrigated agriculture [USBR, 

2012; Cohen et al., 2013].   

 

Previous estimates of ET on large scales such as the CRB relied on land surface model 

simulations or satellite observations. Land surface models (LSMs) are favorable because of 

their global and regional extent and their potential to simulate ET at high spatial and temporal 

resolutions [Sellers et al., 1986; Wilson et al., 1987; Liang et al., 1994; Henderson-Sellers et 

al., 1995; Dai et al., 2003; Rodell et al., 2004a; Mitchell et al., 2004].  Model estimates of ET 

in developed river basins tend to be biased low and to underestimate ET, as they respond to 

natural forcing alone and typically do not include water management influences [Rodell et 

al., 2011].  To account for water management in developed basins, some experimental 

analyses have corrected LSMs by incorporating schemes to estimate the effects of irrigation 

and/or reservoirs on ET [Haddeland et al., 2005; Sorooshian et al., 2011; Lo et al., 2013].  

Haddeland et al. [2005] assumed an unlimited surface water supply for irrigation throughout 
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the entire CRB, which yielded an increase in ET of 15 mm yr-1 (~8 MAF yr-1). However, 

characterizing actual irrigation in space and time throughout the CRB is difficult, since it 

varies across agricultural regions and state boundaries [Cohen et al., 2013], and can fluctuate 

in time due to variability in surface water allocations and groundwater withdrawals [Castle et 

al., 2014].   

 

Satellite observations of ET ideally capture both natural variability and human management 

using several different remote sensing methodologies.  On small spatial scales (30 m – 1 km), 

popular approaches include the application of Aster, AVHRR, Landsat and MODIS data 

within a one or two source energy balance, Penman-Monteith, or other empirical frameworks 

[Bastiaanssen et al., 1998; Su et al., 2002; Allen et al., 2007; Senay et al., 2007; Fisher et al., 

2008; Jin et al., 2011; Singh et al., 2013]. These methods have been compared and reviewed 

extensively [Senay et al., 2011; Anderson et al., 2012; Wang and Dickinson, 2012]. In the 

CRB, Landsat observations of ET vary drastically based on land cover type, with highest 

rates of ET occurring over open water reservoirs (994 mm yr-1 ± 699 (~1 m yr-1)) and 

irrigated cropland (538 mm yr-1 ± 393 (~0.5 m yr-1)) [Singh et al., 2013].  The MOD16 

algorithm applies multiple MODIS products and reanalysis data for global ET estimation [Mu 

et al., 2007] but typically does not perform well in arid regions [Matin and Bourque, 2013].  

Alternatively, the MODIS-based algorithm from Tang et al. [2009] is based on satellite and 

reanalysis data and has been found to perform best over heterogeneous land use types 

including agricultural land in arid regions.  

 

For larger basins, satellite water storage anomaly observations in concert with precipitation 

and discharge observations have been used to estimate ET in a basin-scale water balance 

[Rodell et al., 2004]. This method provides an independent constraint on higher resolution 
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satellite-based ET estimates that incorporate data from multi-spectral and thermal 

instruments. This approach has applied observations from NASA’s Gravity Recovery and 

Climate Experiment (GRACE) mission [Tapley et al., 2004], launched in 2002, to 

characterize changes in basin-scale water storage [Rodell et al., 2004; Ramillien et al., 2006; 

Swenson and Wahr, 2006; Rodell et al., 2011; Long et al., 2014; Syed et al., 2014].  GRACE 

provides monthly global terrestrial gravity anomalies that can be processed to create 

terrestrial water storage anomalies (TWSA) for regions larger than 200,000 km2 [Rodell and 

Famiglietti, 1999].  Previous work has compared GRACE-derived ET to estimates from 

LSMs, with the intent to validate each approach by comparison.  These studies have assumed 

that model estimates of ET from LSMs should generally match ET estimates derived from 

satellite observations, or that these together can be used to bound ET observational 

uncertainty [Long et al., 2014; Syed et al., 2014].  Rodell et al. [2011] compared GRACE-

derived ET with LSM estimates of ET across several global river basins: in the Ubangi Basin 

in Africa, a relatively unmanaged basin, ET estimates between the GRACE methodology and 

LSM’s were statistically similar; however, in the Danube and Nelson Basins, more heavily 

managed river basins, GRACE-derived ET was significantly larger than ET from various 

LSMs.  These results suggest that differences between ET estimates in managed and 

unmanaged basins may be quantifiable. 

 

In this study, we hypothesize that differences between satellite-based ET and ET from LSM 

simulations should be expected in some places, in particular where intensive water 

management activities are not well represented in LSMs.  Therefore, these differences may 

be utilized as an indicator of water management impacts on ET.  We argue that satellite-based 

ET should yield larger seasonal amplitudes in the arid but highly developed CRB due to the 

impacts of large-scale reservoir storage and irrigation.  For example, we expect that irrigation 
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practices such as flood irrigation, applied to high water use agriculture such as pasture and 

forage crops, (which occupy up to 60% of the irrigated land [Cohen et al., 2013] in the CRB), 

will contribute to high ET rates during the growing season.  We follow similar methods to 

Rodell et al., [2011], Syed et al. [2014] and Long et al., [2014] by comparing ET estimates 

from satellite-based and LSM methodologies, while accounting for their respective 

uncertainties, with the aim of contrasting the basin-wide ET fluxes in the Upper, Lower and 

combined CRB.  Finally, we compare our results using the documented water management 

budget of the basin. 

 

Data and Methods 

[1] GRACE-based water balance 

In this analysis, we use regionally-averaged surface mass anomalies from GRACE, 

equivalent to the column-integrated water stored on land, which includes soil water, 

groundwater, surface water and snow water [Swenson and Wahr, 2002].  The basins include 

the Upper CRB (Upper Basin) which encompasses portions of Wyoming, Utah, Colorado and 

New Mexico; and the Lower CRB (Lower Basin) which encompasses California, Nevada, 

Arizona and Mexico.  Although Mexico is technically outside of what is typically referred to 

as the “Lower Basin” boundary by many state and federal agencies, it is included in the 

CRB’s hydrologic boundary and the mask used in this analysis.  Therefore, for simplicity, we 

have combined Mexico into the Lower Basin analysis (see Figure S2 for the basin mask).  

The “entire CRB” is the combined Upper and Lower Basins including Mexico.   

 

We take the monthly backwards derivative of GRACE TWSA following the methods of 

Rodell et al. [2004] (equation 2) to obtain a flux of terrestrial water storage over time in 

km3/month (a discrete approximation of dS/dt or the difference in mean monthly total water 
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storage anomalies between two consecutive months) to compare with the fluxes of 

precipitation and runoff in the Upper, Lower and Entire CRB.  Robust GRACE data begin in 

January 2003 (grace.jpl.nasa.gov); thus the calculated dS/dt estimates in this analysis start in 

February 2003. Following Rodell et al. [2004] (equations 8-10), the error on each monthly 

dS/dt estimate is calculated by adding the error variance for the two months in the 

computation.   

  

Accurate precipitation data are vital to basin-wide terrestrial water budget closure. Here, we 

use NASA’s National Land Data Assimilation System (NLDAS) [Mitchell et al., 2004] one-

eighth degree precipitation forcing, a product of a temporal disaggregation of a gauge-only 

Climate Prediction Center analysis of daily precipitation, performed directly on the NLDAS 

grid.  The product includes an orographic adjustment based on the widely-applied 

climatology from the Parameter-elevation Regressions on Independent Slopes Model 

(PRISM) [NLDAS, 2014].  Since these data are used to force the NLDAS model suite, which 

is utilized in this analysis and explained in more detail below, the same precipitation data is 

incorporated in the water-balance approach applied here for consistency. No error estimates 

were provided for the NLDAS precipitation data:  we assume 15% error for consistency with 

previous methods in estimating uncertainty on PRISM precipitation [Jeton et al., 2005; 

Famiglietti et al., 2011] and as PRISM precipitation and NLDAS precipitation forcing agree 

favorably (r2 = 0.96 and RMSE = 0.19 mm/day over the entire Basin, r2 = 0.96 and RMSE = 

0.15 mm/day over the Upper Basin, r2 = 0.98 RMSE = 0.25 mm/day over the Lower Basin). 

 

River runoff (Q) in the CRB is intensively managed which complicates Q estimation.  We 

estimate basin discharge as the dam releases from the two largest dams in the CRB, Glen 

Canyon Dam on Lake Powell in the Upper Basin and Hoover Dam on Lake Mead in the 
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Lower Basin, each marking the main surface water storage components that distribute 85% of 

river flows along the CRB [Christensen et al., 2004].    For the Upper and Lower Basins, we 

employ the Glen Canyon Dam releases and the difference between releases from Glen 

Canyon Dam and Hoover Dam, respectively.   

 

Dam release data were provided by request from the U. S. Bureau of Reclamation (Jason 

Christensen, jchristensen@usbr.gov).  USBR uses acoustic velocity flowmeters within its 

major mainstem dam penstocks, with a reported accuracy of 2.5%.  To be conservative in our 

uncertainty estimates on the dam release data, we must take into account the complexity of Q 

estimation in the CRB.  This is due primarily to the multitude of surface water transfer 

agreements exist within the Basin system between states and local entities that can change the 

amount of surface water discharging from the Basin on a monthly and annual scale.  

Quantifying these exchanges proves difficult when using a basin mask that may not match up 

with water management boundaries perfectly. For the Upper CRB Q, we employ the U.S. 

Geological Survey estimates of errors in hydrologic measurements, which range from 

“excellent (5%)” to “fair (15%)” [Sauer and Meyer, 1992]. A two-sample t-test could not 

reject the null hypothesis that sample means were different between 5-15% potential error 

[Helsel and Hirsch, 2002]. Thus, we assume 5% error for the Upper CRB discharge. Due to 

these complexities that exist on the Lower CRB system regarding management and 

exportation of surface water, we assume a 100% uncertainty on the Lower CRB Q estimates 

utilized in this analysis.  We note here the relatively small contribution of managed river 

discharge (Q) to ET quantification in the water balance equation, shown in Figure 1. 

 

The independent water flux components used to solve for GRACE-derived ET within the 

Entire, Upper and Lower sections of the CRB from February 2003 to June 2013 are shown in 
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Figure 1.  The plots illustrate the seasonal variability in precipitation and storage change, with 

high-volume changes generally observed during the late winter/early spring. 

 

[2] MODIS 

To achieve more robust observation-based ET estimates in this analysis, we incorporate a 

second remote-sensing ET product from the Moderate Resolution Imaging Spectroradiometer 

(MODIS) observations.  MODIS-based estimates of ET are widely utilized for assessing land 

and vegetation states for use in weather prediction, flood forecasting and other water resource 

management [McCabe and Wood, 2006].  The MODIS surface radiation budget (SRB) 

estimates of ET compare favorably with higher resolution satellites including ET estimates 

from a Landsat/METRIC model methodology when assessing mean ET in irrigated 

agricultural regions [Tang et al., 2009].  This method includes MODIS and Geostationary 

Operational Environmental Satellite (GOES) SRB products [Tang et al., 2009] and works 

best over areas where there is sufficient diversity in vegetation types. Biases in the ET 

estimates derived from the MODIS data and GOES surface radiation budgets range from 

14.9-15.7% which were derived by comparing the satellite observations of ET to two surface 

Bowen Ratio station observations [Tang et al., 2009].We conservatively assume an error 

ceiling of 20% on monthly MODIS/SRB ET estimates to account for any additional error 

associated with the increased size and land type diversity of our study region.  Figure 2 shows 

the GRACE-based and MODIS/SRB ET estimates over their full records.  Our comparison 

time period is only through 2010, based on the record length of this particular MODIS/SRB 

ET dataset. 
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[3] Land-surface model output 

We employ the North American Land Data Assimilation Systems (NLDAS) [Mitchell et al., 

2004] ensemble model output due to its high spatial resolution (one-eighth degree) and 

monthly time intervals, with data available from 1979 to present.  We include gridded model 

output of ET from the Noah [Chen et al., 1996; Koren et al., 1999; Ek et al., 2003; Mitchell et 

al., 2004; Ek et al., 2011; Xia et al., 2012], Mosaic [Koster and Suarez, 1992; Koster and 

Suarez, 1994], Sacramento Soil Moisture Accounting (SAC) [Burnash et al., 1973; Anderson, 

1973; Koren et al., 2000] and Variable Infiltration Capacity (VIC) [Liang et al., 1994; Liang 

et al., 1996; Wood et al., 1997] models, which have varying model structural equations and 

unique parameterizations of hydrological processes [Xia et al., 2012a, 2012b; Wei et al., 

2013; Long et al., 2014].  However, all of the LSMs in NLDAS generally characterize ET 

using evaporation from the top layer of the soil profile (constrained by soil moisture in the 

models) and vegetation transpiration.  

 

None of the four models in the NLDAS framework have been calibrated to match 

observations, and model error in ET tends to manifest as biases caused by differences in 

model physical and structural assumptions. The identically-forced models produce an 

ensemble of output variables whose spread can be utilized to characterize a range of 

uncertainty between each model variable [Mo et al., 2011; Anderson et al., 2013].  Because 

the model outputs have not been corrected for absolute accuracy, their value is based in their 

robustness as an ensemble.  Rigorous model calibration is impossible for the CRB (for 

instance by streamflow calibration) because of the absence of water management modules in 

the NLDAS models.  In order to ensure some ground truth in the models, and because 

irrigation constitutes the primary use of managed water resources in the Colorado [Cohen et 

al., 2013], we attempt to improve absolute model biases by adjusting the land surface model 
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ensemble-mean ET to match the satellite-based mean ET during the documented low-

irrigation months, during which we expect the two estimates should be approximately equal.  

 

The irrigation schedule and crop rotations of the Basin are well documented, and in winter 

months there is less irrigation contribution to ET throughout the Basin.  This is especially true 

in the Upper Basin where the total irrigated acreage is roughly 50% higher than the Lower 

Basin, and where colder temperatures shorten the growing season.  Throughout the Basin, 

approximately 60% of irrigation goes towards forage, alfalfa and cotton crops which are 

grown and irrigated during warm months, normally from May through October [Pochop, 

1992; Kuhn, 2012; Cohen et al., 2013]. For consistency, we correct the record-length mean 

model output so that the non-irrigation months (November through April) have equal means 

between the ensemble land surface model and ensemble satellite-based time series.  We note 

that in some regions throughout the CRB, especially in the Lower Basin and the Imperial 

Irrigation District (IID) in Southern California, irrigation occurs year round due to the 

warmer climates.  However, in other regions within the Lower Basin such as Arizona and 

Nevada, the growing season is limited to only four months [Cohen et al., 2013].  Therefore, 

our model correction during these months can be considered “conservative”, as any 

additional reduction in observed ET to account for winter-time irrigation would increase 

model-observation differences, producing a higher anthropogenic ET estimate. The model 

correction for months November through April are relatively small: they increased the model 

average by 0.6 km3 (9%) in the entire Basin, decreased by 1.06 km3 (8%) in the Upper Basin, 

and decreased by 0.7 km3 (8%) in the Lower Basin.   

 

We compare the record-length climatologies (February 2003 - January 2010) from our 

GRACE-derived and MODIS-based observational ET estimates (a value that accounts for 
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irrigation and other human impacts) to NLDAS corrected model outputs (ET based on soil 

moisture stress, vegetation stress, and forcing effects alone).  Our comparison time period is 

February 2003 to March 2010, based on the record length of the specific MODIS-derived ET 

dataset used from Tang et al. [2009].   

 

Results  

Figure 2 illustrates the results from the GRACE-derived ET and MODIS-based ET (left 

panel) estimates and the land surface model ET estimates from NLDAS (right panel) from 

May 2003 to February 2013 in the Upper Basin (see supplement for Entire and Lower 

Basins). As hypothesized, the satellite-based ET consistently have higher amplitudes 

compared to land surface model estimates of ET during summer months.  

 

The climatology was calculated from February 2003 to January 2010 for observational ET 

(GRACE-derived and MODIS) and NLDAS ensemble ET.  Figure 3 shows the climatologies 

of average satellite-based ET (red) and average of the land surface model ET (blue) for the 

Entire, Upper and Lower Basins. The red and blue shaded envelopes represent the record-

length standard deviation around each month of the calculated climatology, while the red 

shading around the satellite-based ET also includes the error propagated additively from each 

term of the water balance equation (precipitation, runoff and terrestrial water storage).  In 

panels on the right of Figure 3, the difference between averaged satellite-based ET estimates 

and averaged land surface model ET utilizing a two-sample t-test approach illustrates which 

months are significantly different beyond the 95% confidence level.  In the entire Basin 

months February, July, and October have larger observed ET compared to modeled ET; the 

result in the Upper Basin portrays larger observed ET compared to modeled ET from May-

July; and in the Lower Basin, months July and October have larger observed ET than 
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modeled ET with 95% confidence (Figure 3).  These results indicate a significant difference 

between land surface model and satellite-based ET during summer months, even when 

accounting for observational uncertainty.   

 

Results yield an average annual satellite-based ET of 142 ± 7 MAF yr-1 (175 km3 yr-1 ± 8.63) 

compared to 125 ± 7 MAF yr-1 (154 km3 yr-1 ± 8.63) from land surface model ET in the entire 

Basin.  The land surface model ET values compare well to previous estimates of modeled ET 

throughout the Basin [Christensen et al., 2004; Vano et al., 2012; Gao et al., 2012] (see Table 

S2).  The mean difference between satellite-based ET and land surface model ET is 

approximately 21.0 ± 12.3 km3 yr-1 or 17 ± 14 MAF yr-1 for the entire Basin (Table 1).  The 

uncertainty on mean ET was calculated as the standard error between the two standard 

deviations of the mean satellite-based ET and the mean land surface model ET.  As a 

quantitative comparison of the results of our methodology, we reference the published budget 

of basin-wide managed water resources that could potentially contribute to the observed ET 

in the CRB.  The anthropogenic sources of water available for ET include reservoir 

evaporation [Bureau, 2012], in-basin surface water allocations from the Colorado River 

Compact [Bureau, 2012; Bureau Consumptive Uses and Losses Report, 2012] and 

groundwater withdrawals applied for irrigation [Castle et al., 2014] (see Table S1).  These 

values are human induced inputs that are not represented in the LSM estimates of ET.   

 

We compare these anthropogenic sources of additional water to the difference between mean 

satellite-based ET and mean land surface model ET as the amount of managed water not 

included in the land surface model-based estimates (Table 1).  This difference should be 

comparable to additional applied water from management.  The result of at least 17.7 ± 4.5 

MAF yr-1 of additional applied water from management is comparable to the difference of 17 
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± 14 MAF yr-1 between satellite-based ET and modeled ET (Table 1).  Thus, entire Basin ET 

on average is 142 ± 7 MAF yr-1 with 17.7 ± 4.5 MAF yr-1 to 17 ± 14 MAF yr-1 (~12%) due to 

human impacts on the natural landscape.  When comparing the difference between satellite-

based ET and LSM ET (~11 km3 mo-1, Figure 3A right) during July, up to 38% 

(approximately 8.5 MAF) of the total satellite-based ET signal (~29 km3 mo-1, Figure 3A left) 

in the entire Basin is due to irrigation (Figure 3A).  This result compares well to findings 

from Haddeland et al. [2005] which estimated an increase in ET of 8 MAF yr-1 in the CRB 

primarily from irrigation.  Our ET estimate is slightly higher, likely because of the intrinsic 

inclusion of groundwater withdrawals [Castle et al., 2014] in our analysis.   

 

Discussion 

These results support the hypothesis that satellite-based estimates of ET should yield larger 

amplitudes than land surface model-based estimates of ET in the highly developed basins 

including the CRB.  At least 70% of total basin water use is for agriculture, encompassing 

1.2-1.4 million acres in the Upper Basin and 0.98-1 million acres in the Lower Basin [Cohen 

et al., 2013].  The high-water use crops within the Basin, such as alfalfa and other forage 

crops, have high rates of ET and are typically irrigated utilizing flood irrigation techniques 

due in part to water laws that base water rights upon beneficial use of water, as opposed to 

land or resource ownership, limiting incentives for water conservation.  We hypothesize that 

these types of crops and irrigation techniques contribute to increased losses of water to ET as 

found in this analysis; a hypothesis that warrants further study in the future. The significant 

difference between satellite-based of ET and land surface model ET in the Upper Colorado 

basin during multiple summer months is likely due to an increased soil water supply from 

irrigation during a shorter growing season.  Similar analyses could be applied to other highly 
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developed river basins, especially in river basins with significant amounts of irrigated lands, 

to determine the human impact on ET. 

 

All basins in this analysis have larger amplitudes in satellite-based ET compared to land 

surface model ET during the climatological month of July, which we attribute to the 

anthropogenic impact on terrestrial hydrology, primarily through irrigation.  Our impact 

estimate generally agrees with findings from previous studies in the Western US [Tang et al., 

2009; Lo et al., 2013], specifically that increases in ET in the CRB are attributed to 

anthropogenic activities including irrigation [Haddeland et al., 2005].  This methodology 

could be applied to other highly developed river basins to cultivate better estimates of ET and 

quantify human impact on hydrologic processes.  Results presented here may provide 

important quantification of large and perhaps underappreciated CRB-wide water losses, as 

well input into regional water management practices and decision making.   

 

 

Acknowledgments 

This research was funded by grants from the NASA GRACE Science Team and from the 

University of California Office of the President, Multicampus Research Programs and 

Initiatives.  A portion of this research was conducted at the Jet Propulsion Laboratory, 

California Institute of Technology under contract with the National Aeronautics and Space 

Administration.  

 

  



 

 
©2016 American Geophysical Union. All rights reserved. 

References 

 

Allen, R.G., M. Tasumi, R. Trezza (2007), Satellite-Based Energy Balance for Mapping 

Evapotranspiration with Internalized Calibration (METRIC) – Model, Journal of Irrigation 

and Drainage Engineering, Volume 133, No. 4, 380-394.  DOI: 10.1061/ ASCE 0733-

9437 

 

Anderson, M., C. Hain, J. Otkin, X. Zhan, K. Mo, M. Svoboda, B. Wardlow, and A. Pimstein 

(2013), An Intercomparison of Drought Indicators Based on Thermal Remote Sensing and 

NLDAS-2 Simulations with U.S. Drought Monitor Classifications, J. Hydrometeor, 14, 

1035–1056. 

 

Anderson, M., R.G. Allen, A. Morse, and W.P. Kustas (2012), Use of Landsat thermal 

imagery in monitoring evapotranspiration and managing water resources, Remote Sensing 

of Environment, Volume 122, 50-65, ISSN 0034-4257, 

http://dx.doi.org/10.1016/j.rse.2011.08.025. 

 

Bastiaanssen, W.G.M., M. Menenti, R.A. Feddes, and A.A.M. Holtslag (1998), A remote 

sensing surface energy balance algorithm for land (SEBAL). 1. Formulation, Journal of 

Hydrology, Volumes 212–213, 198-212, ISSN 0022-1694, 

http://dx.doi.org/10.1016/S0022-1694(98)00253-4 

 

Bureau Consumptive Uses and Losses Report (2012), Colorado River Basin Consumptive 

Uses and Losses Report 2001-2005, United States Bureau of Reclamation.  

 

http://dx.doi.org/10.1016/j.rse.2011.08.025
http://dx.doi.org/10.1016/S0022-1694(98)00253-4


 

 
©2016 American Geophysical Union. All rights reserved. 

Bureau of Reclamation (2012), Colorado River Basin Water Supply and Demand Study, 

United States Bureau of Reclamation. 

 

Castle, S., B. Thomas, J.T. Reager, S. Swenson, M. Rodell and J.S. Famiglietti (2014).  

Groundwater depletion threatens future water security in the Colorado River Basin,  

Geophysical Research Letters, DOI: 10.1002/2014GL061055 

 

Christensen, N., A.W. Wood, N. Voisin, D. P. Lettenmaier, and R.N. Palmer (2004), The 

Effects of Climate Change on the Hydrology and Water Resources of the Colorado River 

Basin.  Climatic Change 62:337–363, doi: 10.1023/B:CLIM.0000013684.13621.1f 

 

Cohen, M., J. Christian-Smith, and J. Berggren (2013), Water to Supply the Land: Irrigated 

Agriculture in the Colorado River Basin,  Pacific Institute 

 

Famiglietti, J. S., M. Lo, S. L. Ho, K. J. Anderson, J. Bethune, T. H. Syed, S. C. Swenson, C. 

R. de Linage and M. Rodell (2011), Satellites Measure Recent Rates of Groundwater 

Depletion in California’s Central Valley, Geophys. Res. Lett., 38, L03403, 

doi:10.1029/2010GL046442 

 

Fisher, J.B., K.P. Tu, and D.D. Baldocchi (2008), Global estimates of the land–atmosphere 

water flux based on monthly AVHRR and ISLSCP-II data, validated at 16 FLUXNET 

sites, Remote Sensing of Environment, Volume 112, Issue 3, Pages 901-919, ISSN 0034-

4257, http://dx.doi.org/10.1016/j.rse.2007.06.025. 

 

http://dx.doi.org/10.1016/j.rse.2007.06.025


 

 
©2016 American Geophysical Union. All rights reserved. 

Gao, Y., J. A. Vano, C. Zhu, and D. P. Lettenmaier (2011), Evaluating climate change over 

the Colorado River basin using regional climate models, J. Geophys. Res., 116, D13104, 

doi:10.1029/2010JD015278. 

 

Haddeland, I., D.P. Lettenmaier, and T. Skaugen (2006), Effects of irrigation on the water 

and energy balances of the Colorado and Mekong river basins, Journal of Hydrology, 

Volume 324, Issues 1–4, Pages 210-223, ISSN 0022-1694, 

http://dx.doi.org/10.1016/j.jhydrol.2005.09.028. 

 

Helsel, D. R., and R. M. Hirsch (2002), Statistical methods in water resources, US Geological 

Survey Techniques of Water Resources Investigations, Book 4, Hydrologic Analysis and 

Interpretation 

 

Henderson-Sellers, A., A.J. Pitman, P. K. Love, P. Irannejad, and T. H. Chen (1995), The 

Project for Intercomparison of Land Surface Parameterization Schemes (PILPS): Phases 2 

and 3. Bull. Amer. Meteor. Soc., 76, 489–503. 

 

Jeton, A. E., S. A. Watkins, T. Lopes, and J. Huntington (2005), Evaluation of precipitation 

estimates from PRISM for the 1961–90 and 1971–2000 data sets, Nevada, U.S. Geol. 

Surv. Sci. Invest. Rep., 2005‐5291. 

 

Jin, Y., J.T. Randerson, M.L. Goulden (2011), Continental-scale net radiation and 

evapotranspiration estimated using MODIS satellite observations. Remote Sensing of 

Environment 115:2302-2319. doi:10.1016/j.rse.2011.04.031 

http://dx.doi.org/10.1016/j.jhydrol.2005.09.028


 

 
©2016 American Geophysical Union. All rights reserved. 

Lo, M-H., and J. S. Famiglietti (2013), Irrigation in California's Central Valley strengthens 

the southwestern U.S. water cycle, Geophys. Res. Lett., 40, 301–306, 

doi:10.1002/grl.50108 

 

Long, D., L. Longuevergne, and B. R. Scanlon (2014), Uncertainty in evapotranspiration 

from land surface modeling, remote sensing, and GRACE satellites, Water Resour. Res., 

50, 1131–1151, doi:10.1002/2013WR014581. 

 

Matin, M.A., and C.P.-A. Bourque (2013), Assessing spatiotemporal variation in actual 

evapotranspiration for semi-arid watersheds in northwest China: Evaluation of two 

complementary-based methods, Journal of Hydrology, Volume 486, Pages 455-465, ISSN 

0022-1694, http://dx.doi.org/10.1016/j.jhydrol.2013.02.014. 

 

McCabe, M.F., and E.F. Wood (2006), Scale influences on the remote estimation of 

evapotranspiration using multiple satellite sensors, Remote Sensing of Environment, 

Volume 105, Issue 4, Pages 271-285, ISSN 0034-4257, 

http://dx.doi.org/10.1016/j.rse.2006.07.006. 

 

Mitchell, K. E., D. Lohmann, P.R. Houser, E.F. Wood, J.C. Schaake, A. Robock, B.C. 

Cosgrove, J. Sheffield, Q. Duan, L. Luo, R.W. Higgins, R.T. Pinker, J.D. Tarpley, D.P. 

Lettenmaier, C.H. Marshall, J.K. Entin, M. Pan, W. Shii, V. Koren, J. Meng, B.H. 

Ramsay, and A.A. Bailey (2003), The multi-institution North American Land Data 

Assimilation System (NLDAS): Utilizing multiple GCIP products and partners in a 

continental distributed hydrological modeling system, J. Geophys. Res., 109, D07S90, 

doi:10.1029/2003JD003823. 

http://dx.doi.org/10.1002/2013WR014581
http://dx.doi.org/10.1016/j.jhydrol.2013.02.014
http://dx.doi.org/10.1016/j.rse.2006.07.006
http://dx.doi.org/10.1029/2003JD003823


 

 
©2016 American Geophysical Union. All rights reserved. 

 

Mo, Kingtse C., L.N. Long, Y. Xia, S.K. Yang, J.E. Schemm, and M. Ek (2011) Drought 

indices based on the climate forecast system reanalysis and ensemble nldas. J. 

Hydrometeor, 12, 181–205. 

 

Mu, Q., F.A. Heinsch, M. Zhao, and S.W. Running (2007), Development of a global 

evapotranspiration algorithm based on MODIS and global meteorology data, Remote 

Sensing of Environment, Volume 111, Issue 4, Pages 519-536, ISSN 0034-4257, 

http://dx.doi.org/10.1016/j.rse.2007.04.015. 

 

Pochop, L., T. Teegarden, G. Kerr, R. Delaney, and V. Hasfurther (1992), Consumptive Use 

and Consumptive Irrigation Requirements in Wyoming, WWRC Publication #92-06  

 

PRISM Climate Group (2004), Oregon State University, http://prism.oregonstate.edu 

 

Ramillien, G., F. Frappart, A. Güntner, T. Ngo-Duc, A. Cazenave, and K. Laval (2006a), 

Time variations of the regional evapotranspiration rate from Gravity Recovery and 

Climate Experiment (GRACE) satellite gravimetry. Water Resour. Res, 42, W10403, 

doi:10.1029/2005WR004331. 

 

Rodell, ,M., J. S. Famiglietti, J. Chen, S. Seneviratne, P. Viterbo, S. L. Holl, and C. R. 

Wilson (2004), Basin-Scale Estimates of Evapotranspiration Using GRACE and Other 

Observations, Geophys.ResLett., 31(20), L20504, doi:10.1029/2004GL020873  

 

http://dx.doi.org/10.1016/j.rse.2007.04.015
http://prism.oregonstate.edu/
http://dx.doi.org/10.1029/2005WR004331


 

 
©2016 American Geophysical Union. All rights reserved. 

Rodell, M., and J. S. Famiglietti (1999), Detectability of Variations in Continental Water 

Storage from Satellite Observations of the Time-Variable Gravity Field, Wat. Resour. 

Res., 35(9), 2705-2723, doi:10.1029/1999WR900141 

 

Rodell, M., I. Velicogna and J.S. Famiglietti (2009), Satellite-based estimates of groundwater 

depletion in India, Nature, doi:10.1038/nature08238 

 

Rodell, M., J. S. Famiglietti, J. Chen, S. I. Seneviratne, P. Viterbo, S. Holl, and C. R. Wilson 

(2004), Basin scale estimates of evapotranspiration using GRACE and other observations, 

Geophys. Res. Lett., 31, L20504, doi:10.1029/2004GL020873. 

 

Rodell, M., E.B. McWilliams, J.S. Famiglietti, H.K. Beaudoing, and J. Nigro  (2011), 

Estimating evapotranspiration using an observation based terrestrial water budget. Hydrol. 

Process., 25: 4082–4092. doi: 10.1002/hyp.8369 

 

Rodell, M., P. R. Houser, U. Jambor, J. Gottschalck, K. Mitchell, C-J., Meng, K. Arsenault, 

B. Cosgrove , J. Radakovich, M. Bosilovich, J. K. Entin, J. P. Walker, D. Lohmann,  and 

D. Toll  (2004a), The Global Land Data Assimilation System, Bull. Am. Meteorol. Soc., 

85, 381–394, doi:10.1175/BAMS-85-3-381. 

 

Sarwar, A., and R. Bill (2007), Mapping evapotranspiration in the Indus Basin using ASTER 

data. International Journal of Remote Sensing Volume 28, Issue 22, 2007.  DOI: 

10.1080/01431160600954654   

 

http://dx.doi.org/10.1029/2004GL020873


 

 
©2016 American Geophysical Union. All rights reserved. 

Sauer, V.B., and R.W. Meyer (1992), Determination of error on individual discharge 

measurements.  USGS Open-File Report 92-144. 

 

Sellers, P. J., Y. Mintz, Y. C. Sud, A. Dalcher, (1986), A Simple Biosphere Model (SIB) for 

Use within General Circulation Models. J. Atmos. Sci., 43, 505–531. 

 

Senay, G.B., M. Budde, J.P. Verdin, A.M. Melesse (2007), A coupled remote sensing and 

simplified surface energy balance approach to estimate actual evapotranspiration from 

irrigated fields. Sensors Vol 7. Issue 6: 979-1000. DOI: 10.3390/s7060979 

 

Senay, G.B., S. Leake, P.L. Nagler, G. Artan, J. Dickinson, J.T. Cordova, and E.P. Glenn 

(2011), Estimating basin scale evapotranspiration (ET) by water balance and remote 

sensing methods. Hydrological Processes 25: 4037-4049. DOI: 10.1002/hyp.8379 

 

Singh, R.K., G.B. Senay, N.M. Velpuri, S. Bohms, R.L. Scott, and J.P. Verdin (2013), Actual 

Evapotranspiration (Water Use) Assessment of the Colorado River Basin at the Landsat 

Resolution Using the Operational Simplified Surface Energy Balance Model. Remote 

Sens. 2014, 6, 233-256. 

 

Sorooshian, S., J. Li, K. Hsu, X. Gao (2011) How significant is the impact of irrigation on the 

local hydroclimate in California's Central Valley? Comparison of model results with 

ground and remote-sensing data. Journal of Geophysical Research 116: D06102. DOI: 

10.1029/2010JD014775. 

 

http://dx.doi.org/10.1029/2010JD014775


 

 
©2016 American Geophysical Union. All rights reserved. 

Su, Z (2001), The Surface Energy Balance System (SEBS) for estimation of turbulent heat 

fluxes. Hydrology and Earth System Sciences, Volume 6 Issue 1, 85-99. ISSN: 1027-5606 

 

Swenson, S. C., and J. Wahr (2002), Methods for inferring regional surface-mass anomalies 

from Gravity Recovery and Climate Experiment (GRACE) measurements of time-variable 

gravity, J. Geophys. Res., 107(B9), 2193, doi:10.1029/2001JB000576. 

 

Swenson, S. C., and J. Wahr (2006), Estimating large-scale precipitation minus 

evapotranspiration from GRACE satellite gravity measurements, J. Hydrometeorology, 

7(2), 252-270, http://dx.doi.org/10.1175/JHM478.1 

 

Syed, T. H., J. S. Famiglietti, and D. Chambers (2009), GRACE-based estimates of terrestrial 

freshwater discharge from basin to continental scales, J. Hydrometeorology, 10(1), 22-40, 

DOI: 10.1175/2008JHM993.1 

 

Syed, T. H., J. S. Famiglietti, J. Chen, M. Rodell, S. I. Seneviratne, P. Viterbo and C. R. 

Wilson (2005), Total Basin Discharge for the Amazon and Mississippi River Basins from 

GRACE and a Land-Atmosphere Water Balance, Geophys. Res. Lett., 32, L24404, 

doi:10.1029/2005GL024851 

 

Syed, T. H., J. S. Famiglietti, M. Rodell, J. Chen, and C. R. Wilson (2008), Analysis of 

terrestrial water storage changes from GRACE and GLDAS, Water Resour. Res., 44, 

W02433, doi:10.1029/2006WR005779. 

 

http://dx.doi.org/10.1029/2001JB000576
http://dx.doi.org/10.1175/JHM478.1
http://dx.doi.org/10.1029/2006WR005779


 

 
©2016 American Geophysical Union. All rights reserved. 

Syed, T.H., P.J. Webster, and J.S. Famiglietti (2014), Assessing variability of 

evapotranspiration over the Ganga river basin using water balance computations, Water 

Resour. Res., 50, 2551–2565, doi:10.1002/2013WR013518. 

 

Tang, Q., S. Peterson, R. Cuenca, Y. Hagimoto, and D. P. Lettenmaier (2009), 

Satellite‐based near‐real‐time estimation of irrigated crop water consumption, J. 

Geophys. Res., 114, D05114, doi:10.1029/2008JD010854 

 

Tapley, B.D., S. Bettadpur, J.C. Ries, P.F. Thompson, and M.M. Watkins (2004), GRACE 

measurements of mass variability in the Earth system, Science, 305, 503–505, 

doi:10.1126/science.1099192 

 

USGS (2004), Climatic Fluctuations, Drought, and Flow in the Colorado River Basin. U.S. 

Department of the Interior and the U.S. Geological Survey, USGS Fact Sheet 2004-3062.  

 

Vano, J.A., T. Das, and D.P. Lettenmaier (2012), Hydrologic Sensitivities of Colorado River 

Runoff the Changes in Precipitation and Temperature, Journal of Hydromeoteorology, 

DOI:10.1175/JHM-D-11-069.1 

 

Vinukollu, R., E.F. Wood, C.R. Ferguson, and J.B. Fisher (2011), Global estimates of 

evapotranspiration for climate studies using multi-sensor remote sensing data: Evaluation 

of three process-based approaches, Remote Sensing of Environment, Volume 115, Issue 3, 

Pages 801-823, ISSN 0034-4257, http://dx.doi.org/10.1016/j.rse.2010.11.006. 

 

http://dx.doi.org/10.1002/2013WR013518
http://dx.doi.org/10.1016/j.rse.2010.11.006


 

 
©2016 American Geophysical Union. All rights reserved. 

Wang, K., and R.E. Dickinson (2012), A review of global terrestrial evapotranspiration: 

observation, modeling, climatology, and climatic variability. Reviews of Geophysics, 50, 

RG2005. DOI: 10:1029/2011RG000373 

 

Wei, H. L., Y. L. Xia, K. E. Mitchell, and M. B. Ek (2013), Improvement of the Noah land 

surface model for warm season processes: Evaluation of water and energy flux simulation, 

Hydrol. Processes, 27(2), 297–303. 

 

 

Wilson, M. F., A. Henderson-Sellers, R. E. Dickinson, P. J. Kennedy (1987), Sensitivity of 

the Biosphere–Atmosphere Transfer Scheme (BATS) to the Inclusion of Variable Soil 

Characteristics. J. Climate Appl. Meteor., 26, 341–362. doi: 

http://dx.doi.org/10.1175/1520-0450(1987)026<0341:SOTBTS>2.0.CO;2  

 

Xia, Y. L., K. Mitchell, M. Ek, J. Sheffield, B. Cosgrove, E.F. Wood, L. Luo, C. Alonge, H. 

Wei, J. Meng, B. Livneh, D.P. Lettenmaier, V. Koren, Q. Duan, K. Mo, Y. Fan, and D. 

Mocko (2012a), Continental-scale water and energy flux analysis and validation for North 

American Land Data Assimilation System project phase 2 (NLDAS-2). 2: Validation of 

model-simulated streamflow, J. Geophys. Res., 117, D03110, doi:10.1029/2011JD016051.  

 

Xia, Y. L., K. Mitchell, M. Ek, B. Cosgrove, J. Sheffield, L. Luo, C. Alonge, H. Wei, J. 

Meng, B. Livneh, Q. Duan, and D. Loohmann (2012b), Continental-scale water and 

energy flux analysis and validation for the North American Land Data Assimilation 

System project phase 2 (NLDAS-2). 1: Intercomparison and application of model 

products, J. Geophys. Res., 117, D03109, doi:10.1029/2011JD016048. 

http://dx.doi.org/10.1175/1520-0450%281987%29026%3C0341:SOTBTS%3E2.0.CO;2
http://dx.doi.org/10.1029/2011JD016051
http://dx.doi.org/10.1029/2011JD016048


 

 
©2016 American Geophysical Union. All rights reserved. 

 

Xie, Pingping, and P.A. Arkin, (1997) Global Precipitation: A 17-Year Monthly Analysis 

Based on Gauge Observations, Satellite Estimates, and Numerical Model Outputs. Bull. 

Amer. Meteor. Soc., 78, 2539–2558. doi: 

10.1175/15200477(1997)078<2539:GPAYMA>2.0.CO;2  

  



 

 
©2016 American Geophysical Union. All rights reserved. 

Table 1.  Differences between mean satellite-based observed ET and mean land surface 

model ET in the entire Basin and estimates of additional applied water from water 

management practices in the entire Basin (see Table S1).  Uncertainty on mean ET was 

calculated as the standard error on the mean.  

 

Mean ET Difference Compared to Managed Water in Basin 

 

Entire Basin mean difference between satellite-observed and land surface model 

ET  

Mean Satellite-based Observed ET 142 ± 7 MAF year-1 

    

Mean Land Surface Model ET 125 ± 7 MAF year-1 

    

Difference 17 ± 14 MAF year-1 

    

Mainstem Colorado River Basin Managed Water  

Surface Water 11.7 ± 3.6 MAF year-1 

    

Groundwater Depletion 4.5 ± 0.4 MAF year-1 

    

Reservoir Evaporation 1.5 ± 0.5 MAF year-1 

    

Total Managed Water 17.7 ± 4.5 MAF year-1 
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Figure 1.  Entire, Upper and Lower Basin dS/dt from GRACE (black), precipitation from 

NLDAS (blue), and respective basin dam releases (green) in km3/month employed in the 

water balance equation to solve for ET.  Five month smoothing applied shown by darker 

lines. 
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Figure 2. An example from the Upper Basin of monthly fluxes of ET in km3 calculated 

utilizing GRACE-derived ET in the water balance and MODIS-based ET on the left and from 

NLDAS land surface model ET on the right.  Full time series is from February 2003 to June 

2013.  Data plotted from May 2003 to February 2013 have five month smoothing applied to 

full time series.   
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Figure 3.  (Left) Mean monthly climatology in km3 of averaged satellite-based ET (red) and 

averaged land surface model ET (blue) calculated from February 2003 to January 2010 in the 

combined Entire (A), Upper (B) and Lower (C) CRB.  (Right) Difference between averaged 

satellite-based ET estimates and averaged land surface model ET estimates illustrates which 

months are significantly different beyond 95% confidence (values ≥ black line representing 

95% t-value) utilizing the two-sample t-test method in the combined Entire, Upper and Lower 

CRB.   

 


