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ABSTRACT 

Spatiotemporally continuous estimates of the hydrologic cycle are often generated 

through hydrologic modeling, reanalysis, or remote sensing methods, and commonly applied as a 

supplement to, or a substitute for, in-situ measurements when observational data are sparse or 

unavailable. Increased access over the past decade to distributed cloud systems and high-

performance clusters have greatly increased the computational processing power available to the 

hydrologic community. In turn, the number of these modeled products estimating various 

components of the hydrologic cycle over continental and global extents have grown year by year. 

Despite this, significant gaps in our knowledge of terrestrial hydrology remain. 

Models typically host high levels of uncertainty in many parts of the conterminous 

United States (CONUS). Classic model validation studies are insufficient in describing model 

skill over such large extents due to limitations in data availability. Further, models are 

increasingly more expensive to operate and analyze due to higher levels of complexity in terms 

of internal equations, parameter requirements, differences in meteorological forcings, and 

calibration methodologies. Hydrologic and reanalysis models, capable of retrospective and 

forecast prediction, are spatially constrained to moderate or coarse resolutions. Remote sensing 

models, capable of fine resolution estimates of individual hydrologic components, are temporally 

constrained by availability of satellite observations. 

This dissertation first seeks to better quantify the uncertainty in modeled estimates of 

precipitation (P), actual evapotranspiration (ET), runoff (R), snow water equivalent (SWE), and 

soil moisture (SM) from 87 unique datasets generated by 47 hydrologic models, reanalysis 

datasets, and remote sensing products across the conterminous United States (CONUS). 

Uncertainty between hydrologic component estimates was shown to be high in the western 

CONUS, with median uncertainty (measured as the coefficient of variation) ranging from 11-

21% for P, 14-26% for ET, 28-82% for R, 76-84% for SWE, and 36-96% for SM.  Uncertainty 

between estimates was lower in the eastern CONUS, with medians ranging from 5-14% for P, 

13-22% for ET, 28-82% for R, 53-63% for SWE, and 42-83% for SM.  Study results show that 

disagreement between estimates can be substantial, sometimes exceeding the magnitude of the 

measurements themselves. The authors conclude that multi-model ensembles are not only useful, 

but are in fact a necessity, to accurately represent uncertainty in research results. 
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Following this inter-model analysis, uncertainty in groundwater (GW) estimates derived 

from Gravity Recovery and Climate Experiment (GRACE) datasets are explored across the 

CONUS. Here, we seek to better understand how SW model selection affects GRACE GW 

uncertainty over the conterminous United States (CONUS) using 50 unique simulations from 

2004 to 2010. Analysis of storage contribution to GW trend shows that where trend in TWS is 

weak or neligible, SW models can introduce new, uncertain trends into simulated GW. Where 

trend in TWS is strong, SW models increase the uncertainty in GW trend spatial extents. We find 

moderately higher levels of GW trend uncertainty than previous studies in the southwest 

CONUS (9-21%) and note exceptionally high uncertainty in the northwest and east CONUS (45-

54%) attributed primarily to disagreement on trend direction between modeled soil moisture 

estimates. Results suggest that GRACE groundwater trends are obscured by SW model 

uncertainty in regions of low-magnitude TWS change, requiring satellite observations to be 

heavily supplemented with in-situ data to support GRACE as an alternative observational 

system. 

Finally, this dissertation develops machine learning models to bridge the divide between 

coarse resolution hydrologic models and fine resolution remote sensing models. This study 

trained random forest and linear regression models to predict annual 30-m ET from the 

Operation Simplified Surface Energy Balance (SSEBop) model over 2 million km2 of the 

conterminous United States (CONUS) from 2010-2017. To produce models capable of ET 

prediction outside the timeframe of satellite data availability, input features were restricted to 

common climate, landcover, and geophysical datasets that are independent from RS 

observations. The random forest model universally performed best, with average normalized root 

mean squared error of 19% over the CONUS, 10% over forested land in the eastern US, and 15% 

over forested land in the western US. Errors in western sites were disproportionately impacted by 

extensive shrub vegetation and barren surfaces where the model struggled to accurately capture 

SSEBop ET. The random forest model developed here allows for future use cases such as 

hindcasting and forecasting 30-m ET, evaluating the effects of land cover change on ET and 

basin hydrology at a variety of scales, and rapid fine-resolution ET approximation outside the 

CONUS. 
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Results from this dissertation provide the scientific community with a comprehensive 

uncertainty analysis of modeled products at the continental scale and puts the effects of this 

uncertainty into practical application, allowing for insight regarding the focus of future modeling 

efforts. The use of machine learning models is shown to assist in bridging the divide between 

low resolution hydrologic models and fine resolution remote sensing models, offering the 

research community a path towards hindcasting and forecast the terrestrial hydrologic cycle at 

high resolution.  
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CHAPTER 1 
INTRODUCTION 

A long-term goal of the atmospheric and hydrologic scientific communities has been to 

produce accurate estimates of the hydrologic cycle across continental and global domains 

(Archfield et al., 2015; Beven, 2006; Freeze & Harlan, 1969). Various methodologies have been 

applied to meet this goal, typically in the form of physically based, reanalysis, or remote sensing-

based models. Many of the resulting estimates are made publicly available by an assortment of 

scientific entities at both continental- and global-extents, across a wide range of spatiotemporal 

resolutions.  These datasets accelerate progress in the atmospheric and hydrologic sciences by 

filling knowledge gaps in data-sparse regions, reducing the need for time-consuming and 

computationally expensive modeling, and by providing numerous estimates to apply within 

ensemble analyses. 

Publicly available modeled estimates have been applied to work on water budget analyses 

(Gao et al., 2010; Pan et al., 2012; Rodell et al., 2015; Smith & Kummerow, 2013; Velpuri et al., 

2019, Zhang et al., 2018), effects of climate change (LaFontaine et al., 2015; McCabe et al., 

2017), and water availability and use (Landerer & Swenson, 2012; Thomas & Famiglietti, 2019; 

Voss et al., 2013; Zaussinger et al., 2019). Rapid increases in computational power and data 

accessibility following the advent of early global- and continental-extent hydrologic models in 

the 1980s and 1990s (Koster & Suarez, 1992; Manabe, 1969; Sellers et al., 1986; Yang & 

Dickinson, 1996), and increasingly higher-resolution passive and active satellite measurements 

of both the surface and subsurface of the earth (Alsdorf et al., 2007; McCabe et al., 2017), have 

led to an explosion in the production of multi-decadal, continental- to global-extent models 

estimating all major components of the hydrologic cycle (Peters-Lidard et al., 2018). 

Accordingly, this has given rise to a multitude of model comparison and evaluation projects 

throughout the scientific literature revolving around error metrics derived through validation 

against in-situ and ex-situ measurements (Velpuri et al., 2013; Sun et al., 2018; Dawson et al., 

2018; Xia et al., 2014).  

However, validation often yields unsatisfactory representations of model skill. 

Observational datasets are often spatiotemporally discontinuous and model estimates in grid 

structure may not sufficiently represent the sub-grid heterogeneity that is present in point data, 

especially in topographically and ecologically complex regions. Further, observational 
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measurements can have significant associated uncertainty (Di Baldassarre & Montanari, 2009).  

Validation literature is heavily focused on comparison of error statistics and spatial summaries of 

model skill, rarely discussing the effect of model disagreement on research results. 

This research seeks to supplement past comparison and validation literature by evaluating 

how uncertainty between publicly available water budget component estimates used within a 

study can control outcomes and conclusions across a range of ecological regimes. We 

differentiate this work from previous comparison and validation studies by placing results in the 

context of multiple water budget analyses and evaluating the effects of model uncertainty on 

remote sensing-derived groundwater storage trends. 

Across the estimates explored in the uncertainty analyses, modeled datasets are 

constrained either in terms of spatial resolution, such as with hydrologic models, or temporal 

extent, such as with remote sensing models. Hydrologic and land surface models are capable of 

prediction under both retrospective and future climate conditions and allow for analysis of inter-

process interactions over space and time. However, they are typically coarse resolution (1 - 32 

km2) and can be difficult to operate due to the complexities of model parameterization and 

calibration. 

Models such as the operational Simplified Surface Energy Balance (SSEBop) (Senay, 

2018; Senay et al., 2007) estimate ET from remote sensing (RS) satellite radiation observations 

to estimate ET directly. RS models provide moderate to fine resolution, spatiotemporally 

homogeneous estimates of ET, though they can be limited in utility by the availability of satellite 

data, often large computational overhead required at fine resolution, and sometimes difficult to 

transfer to new regions due to parameterization requirements. 

Historically, the computational expense required to model ET from RS observations has 

limited research studies to either moderate resolution (500-1000 m) datasets over continental 

scales (Running et al., 2017) or fine resolution (10-30 m) at limited spatial extents (Anderson et 

al., 2011; Knipper et al., 2019). Increased access and availability of cloud systems to acquire and 

process remote sensing data, primarily through the Google Earth Engine (GEE) (Gorelick et al., 

2017), has spurred a leap forward in the use of petabyte-scale fine resolution imagery at the 

continental and global extent over the past decade. For example, the collaborative OpenET 
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project (Morton et al., 2021) leverages GEE for the development and operationalizing of 

numerous ET models across the CONUS. 

Despite the temporally unrestricted output available from hydrologic models and the fine 

spatial resolution available from RS models, there are still significant gaps in the data record of 

modeled ET. Retrospective estimates from hydrologic models lack the resolution necessary for 

studying sub-basin heterogeneity and applying RS models beyond the extent of existing 

parameter datasets is a time-consuming undertaking, as well as being limited by the availability 

of satellite measurements. Machine learning (ML) offers a solution to fill modeled ET data gaps. 

In addition to the intercomparison uncertainty analyses, this research trains linear and 

random forest regression ML models to estimate annual 30-meter SSEBop ET over large 

portions of the CONUS utilizing common and easily accessible climate, vegetation, and 

geophysical datasets as model input features. The objective of using non-RS measurements is to 

produce a model capable of hindcasting and forecasting ET estimates beyond the scope of 

satellite observations without sacrificing resolution. Such a model could be used to supplement 

existing RS models by gap-filling missing data and correct for atmospheric effects, produce fine-

resolution retrospective ET estimates, forecast ET changes under future climate scenarios, 

evaluate the effects of land cover change on basin hydrology, and quickly provide preliminary 

ex-CONUS ET estimates without the need for pre-computed model parameters. The focus of this 

research can provide further support for the development of ML models for estimating 

components of terrestrial hydrology over large spatial extents. 
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Chapter 2 

IMPLICATIONS OF MODEL SELECTION: A COMPARISON OF  

PUBLICLY AVAILABLE, CONUS-EXTENT HYDROLOGIC 

COMPONENT ESTIMATES 

Samuel Saxe1, William Farmer2, Jessica Driscoll2, and Terri S. Hogue1,3 

Modified from a manuscript accepted for publication at Hydrology and Earth Systems Science 

Abstract 

Spatiotemporally continuous estimates of the hydrologic cycle are often generated 

through hydrologic modeling, reanalysis, or remote sensing methods, and commonly applied as a 

supplement to, or a substitute for, in-situ measurements when observational data are sparse or 

unavailable.  This study compares estimates of precipitation (P), actual evapotranspiration (ET), 

runoff (R), snow water equivalent (SWE), and soil moisture (SM) from 87 unique datasets 

generated by 47 hydrologic models, reanalysis datasets, and remote sensing products across the 

conterminous United States (CONUS). Uncertainty between hydrologic component estimates 

was shown to be high in the western CONUS, with median uncertainty (measured as the 

coefficient of variation) ranging from 11-21% for P, 14-26% for ET, 28-82% for R, 76-84% for 

SWE, and 36-96% for SM.  Uncertainty between estimates was lower in the eastern CONUS, 

with medians ranging from 5-14% for P, 13-22% for ET, 28-82% for R, 53-63% for SWE, and 

42-83% for SM.  Inter-annual trends in estimates from 1982-2010 show common disagreement 

in R, SWE, and SM. Correlating fluxes and stores against remote sensing-derived products 

shows poor overall correlation in the western CONUS for ET and SM estimates.  Study results 

show that disagreement between estimates can be substantial, sometimes exceeding the 

magnitude of the measurements themselves. The authors conclude that multi-model ensembles 

are not only useful, but are in fact a necessity, to accurately represent uncertainty in research 

results.  Spatial biases of model disagreement values in the western United States show that 

targeted research efforts in arid and semi-arid water-limited regions are warranted, with the 

 
1 Hydrologic Science and Engineering, Colorado School of Mines, Golden, CO 90401, U.S. 
2 Analysis and Prediction Branch, U.S. Geological Survey, Lakewood, CO 80225, U.S. 
3 Department of Civil and Environmental Engineering, Colorado School of Mines, Golden, CO 80401, U.S. 
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greatest emphasis on storage and runoff components, to better describe complexities of the 

terrestrial hydrologic system and reconcile model disagreement. 

2.1 Introduction 

A long-term goal of the atmospheric and hydrologic scientific communities has been to 

produce accurate estimates of the hydrologic cycle across continental and global domains 

(Archfield et al., 2015; Beven, 2006; Freeze & Harlan, 1969). Various methodologies have been 

applied to meet this goal, typically in the form of physically based, reanalysis, or remote sensing-

based models. Many of the resulting estimates are made publicly available by an assortment of 

scientific entities at both continental- and global-extents, across a wide range of spatiotemporal 

resolutions.  These datasets accelerate progress in the atmospheric and hydrologic sciences by 

filling knowledge gaps in data-sparse regions, reducing the need for time-consuming and 

computationally expensive modeling, and by providing numerous estimates to apply within 

ensemble analyses. 

Publicly available modeled estimates have been applied to work on water budget analyses 

(Gao et al., 2010; Pan et al., 2012; Rodell et al., 2015; Smith & Kummerow, 2013; Velpuri et al., 

2019, Zhang et al., 2018), effects of climate change (LaFontaine et al., 2015; McCabe et al., 

2017), and water availability and use (Landerer & Swenson, 2012; Thomas & Famiglietti, 2019; 

Voss et al., 2013; Zaussinger et al., 2019). Rapid increases in computational power and data 

accessibility following the advent of early global- and continental-extent hydrologic models in 

the 1980s and 1990s (Koster & Suarez, 1992; Manabe, 1969; Sellers et al., 1986; Yang & 

Dickinson, 1996), and increasingly higher-resolution passive and active satellite measurements 

of both the surface and subsurface of the earth (Alsdorf et al., 2007; McCabe et al., 2017), have 

led to an explosion in the production of multi-decadal, continental- to global-extent models 

estimating all major components of the hydrologic cycle (Peters-Lidard et al., 2018). 

Accordingly, this has given rise to a multitude of model comparison and evaluation projects 

throughout the scientific literature. 

Earlier model intercomparison projects, such as the Coupled Model Intercomparison 

Project (CMIP) (Covey et al., 2003, p. 200), the Integrated Hydrologic Model Intercomparison 

Project (IH-MIP) (Kollet et al., 2017; Maxwell et al., 2014), the Agricultural Model 

Intercomparison and Improvement Project (AgMIP) (Rosenzweig et al., 2013), and the Water 
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Model Intercomparison Project (WaterMIP) (Haddeland et al., 2011), provide robust analyses 

aimed at attributing differences in model process representation to differences in model design, 

parameter selection, and meteorological forcings. 

Detailed comparisons between smaller selections of models are often included in studies 

presenting novel products (Daly et al., 2008; Senay et al., 2011; Velpuri et al., 2013; Xia et al., 

2012b). Further, a range of studies have focused solely on validation of third-party models, either 

examining multiple water budget components simultaneously (Gao et al., 2010; Sheffield et al., 

2009) or focusing on specific components such as precipitation (P) (Derin & Yilmaz, 2014, p. 

201; Donat et al., 2014; Guirguis & Avissar, 2008; Prat & Nelson, 2015; Sun et al., 2018), 

evapotranspiration (ET) (Carter & Liang, 2019; McCabe et al., 2016), snow water equivalent 

(SWE) (Broxton et al., 2016; Chen et al., 2014; Dawson et al., 2018; Essery et al., 2009; Mudryk 

et al., 2015; Rutter et al., 2009; Vuyovich et al., 2014), or soil moisture (SM) (Brocca et al., 

2011; Koster et al., 2009; Xia et al., 2014) . 

Most of these comparison studies have revolved around error metrics derived through 

validation against in-situ and ex-situ measurements. However, validation often yields 

unsatisfactory representations of model skill. Observational datasets are often spatiotemporally 

discontinuous and model estimates in grid structure may not sufficiently represent the sub-grid 

heterogeneity that is present in point data, especially in topographically and ecologically 

complex regions. Further, observational measurements can have significant associated 

uncertainty (Di Baldassarre & Montanari, 2009).  Validation literature is heavily focused on 

comparison of error statistics and spatial summaries of model skill, rarely discussing the effect of 

model disagreement on research results. 

This research seeks to supplement past comparison and validation literature by evaluating 

how uncertainty between publicly available water budget component estimates used within a 

study can control outcomes and conclusions across a range of ecological regimes. We 

differentiate this work from previous comparison and validation studies by placing results in the 

context of multiple water budget analyses. We seek to quantify how estimates of component 

magnitudes and long-term trends differ in the CONUS, as well as within ecologically distinct 

regions.  The primary goal of this work is to quantify model disagreement in terms of magnitude, 

inter-annual trend, and correlation against remote sensing products.  The effects of model 

disagreement are shown in regional water budget analyses.  We undertake a robust comparison 
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of P, ET, R, SWE, and SM estimates generated through hydrologic models, reanalysis datasets, 

and remote sensing products.  We iteratively calculate water budget imbalances in eight regions, 

by applying a range of flux estimates to quantify how model selection may impact residuals. 

2.2 Methods and Data 

2.2.1 Data Categories 

Hydrologic estimates are divided into water budget flux components of P, ET, and R, and 

storage components of SWE and SM), representing the primary fluxes and stores of a surface 

water budget.  Datasets were selected by prioritizing public availability, ease of access, and 

relative use within the research community.  These datasets are subdivided into loosely defined 

categories of hydrologic models, reanalysis datasets, and RS-derived products. References and 

spatiotemporal information for each dataset are provided in Table 2.1. 

 
2.2.1.1 Hydrologic Models 

The hydrologic model category (Table 2.1) includes any estimates generated using 

equations or concepts attempting to represent real-world hydrology. Model output differences are 

strongly controlled by forcing datasets (Elsner et al., 2014; Mizukami et al., 2014), calibration 

methods (Mendoza et al., 2015), applied equations (Clark, Nijssen, et al., 2015), model structure 

(Clark, Fan, et al., 2015; Clark, Nijssen, et al., 2015), and geophysical parameter availability 

(Beven, 2002; Bierkens, 2015; Mizukami et al., 2017). The most common hydrologic models 

this study evaluates are conceptual and physically based. Conceptual models derive terrestrial 

hydrology estimates through empirical relationships between fluxes and stores, typically through 

a water balance model (WBM) in the style of Thornthwaite (1948) (NHM-MWBM and 

TerraClimate). Physically based models utilize meteorological forcing data and solve equations 

describing physical conservation laws of mass, energy, and momentum. These can be further 

sub-divided by targeted hydrologic variables: land surface models (LSMs) target land-

atmosphere interactions, especially ET, while catchment models (CMs) target streamflow 

(Archfield et al., 2015). Additionally, LSMs are often one-dimensional models that operate at 

discrete spatial intervals, typically grid cells, lacking horizontal transfer of surface or subsurface 

water between regions. CMs, on the other hand, utilize two-dimensional model structures by 

routing overland and subsurface flows between spatial domains to better realize surface and 
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groundwater estimates using prescribed stream networks. The CLSM, described in the literature 

as a land surface model (Koster et al., 2000), is discussed in conjunction with the NHM-PRMS 

because of the sub-grid catchment network used to model horizontal runoff and streamflow 

fluxes. LSMs are the most common hydrologic model here (e.g. CLM, H-TESSEL, Mosaic, 

Noah, SiB, and VIC) because they are often coupled with global-extent atmospheric research and 

thus more commonly operated at the spatial extent of this study, while CMs are more typically 

operated at the catchment or basin scale.  Additional products included in the hydrologic model 

category are those using simplified WBMs falling outside the conceptual model paradigm (CPC, 

CSIRO-PML, GLEAM, and VegET) and those using component-specific physically based 

models (SNODAS). 

  



9 

 

Table 2.1. Model product information. Components are precipitation (P), evapotranspiration 
(ET), runoff (R), snow water equivalent (SWE), and soil moisture in equivalent water depth and 
volumetric water content (SM(e) & SM(v), respectively). The NHM and WaterWatch products 
use Hydrologic Response Units (HRUs) and Hydrologic Units (HU) 2-8, respectively. 
 

Dataset Reference Spatiotemporal Components 
Hydrologic Model     

CPC (Fan & van den Dool, 2004) 1/2° 1948-p SM(e) 
CSIRO-PML‡ (Yongqiang Zhang et al., 2016) 1/2° 1981-2012 ET 
ERA5/H-TESSEL‡ (C3S, 2017) 1/4° 1979-p R, SWE, SM(v) 
ERA5-Land/H-TESSEL (C3S, 2017) 1/10° 2001-p ET, R, SWE, SM(v) 
GLDAS-CLM‡  (Rodell et al., 2007a 1° 1979-p ET, R, SWE 
GLEAM*,‡ (Martens et al., 2017) 1/4° 1980-p ET, SM(v) 
JRA-25/SiB (Onogi et al., 2007) 110km 1979-p R, SWE, SM(e)/(v) 
JRA-55/SiB‡ (Kobayashi et al., 2015) 55km 1957-p R, SWE, SM(v) 
Livneh-VIC (Livneh et al., 2013) 1/16° 1915-2011 SWE 
MERRA-Land/CLSM‡ (Reichle et al., 2011) 1/2° 1980-2016 ET, R, SWE 
MERRA-2/CLSM‡ (Reichle et al., 2017) 1/2° 1980-p ET, R, SWE, SM(v) 
NCEP-DOE/Eta-Noah‡ (Kanamitsu et al., 2002) 210 km 1979-p R, SWE 
NCEP-NARR/Eta-Noah (Mesinger et al., 2006) 32 km 1979-p SWE 
NHM-MWBM‡  (McCabe & Markstrom, 2007) HRU 1949-2010 ET, R, SWE, SM(e) 
NHM-PRMS‡ (Regan et al., 2018) HRU 1980-2016 ET, R, SWE, SM(e) 
NLDAS2-Mosaic‡ (Y. Xia et al., 2012a) 1/8° 1979-p ET, R, SWE, SM(e) 
NLDAS2-Noah‡ (Y. Xia et al., 2012b) 1/8° 1979-p ET, R, SWE, SM(e) 
NLDAS2-VIC‡ (Y. Xia et al., 2012c) 1/8° 1979-p ET, R, SWE, SM(e) 
SNODAS (Barrett, 2003) 1km 2003-p SWE 
TerraClimate‡ (Abatzoglou et al., 2018) 1/24° 1958-p ET, R, SWE, SM(e) 
VegET‡ (Senay, 2008) 1 km 2000-2014 ET, SM(e) 

Reanalysis     
CanSISE (Mudryk & Derksen, 2017) 1° 1981-2010 SWE 
CMAP†,‡ (Xie & Arkin, 1997) 2 ½° 1979-p P 
DayMET‡ (Thornton et al., 2018) 1 km 1980-p P, SWE 
ERA5‡ (C3S, 2017) 1/4° 1979-p P 
ERA5-Land (C3S, 2019) 1/10° 2001-p P 
GPCC‡ (Becker et al., 2013) 1/2° 1901-2013 P 
gridMET‡ (Abatzoglou, 2013) 1/24° 1979-p P 
Livneh et al. 2013‡ (Livneh et al., 2013) 1/16° 1915-2011 P 
Maurer et al. 2002 (Maurer et al., 2002) 1/8° 1950-1999 P 
MERRA-Land‡ (Rienecker et al., 2011) 1/2° 1980-2016 P 
MERRA-2‡ (Gelaro et al., 2017) 1/2° 1980-p P 
NCEP-DOE‡ (Kanamitsu et al., 2002) 210 km 1979-p P 
NLDAS2‡  (Xia et al., 2009) 1/8° 1979-p P 
PRISM‡ (PRISM Climate Group, 2004) 4 km 1895-p P 
Reitz et al. 2017‡ (Reitz et al., 2017) 800 m 2000-2013 ET 
UoD-v5‡ (Willmott & Matsuura, 2001) 1/2° 1950-1999 P 
WaterWatch‡ (Jian et al., 2008) HU8 1901-p R 

Remote Sensing     
AMSR-E/Aqua (Tedesco et al., 2004) 25 km 2002-2011 SWE 
ESA-CCI (Dorigo et al., 2017) 1/4° 1978-p SM(v) 
GPCP-v3‡ (Huffman et al., 2019) 1/2° 1983-2016 P 
MOD16-A2‡ (Running et al., 2017) 1 km 2000-2010 ET 
SMOS-L4 (Al Bitar et al., 2013) 25 km 2010-2017 SM(v) 
SSEBop‡ (Senay et al., 2013) 1 km 2000-2014 ET 
TMPA-3B43‡ (Huffman et al., 2010) 1/4° 1998-p P 
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2.2.1.2 Reanalysis 

Reanalysis datasets (Table 2.1) assimilate multi-source in-situ and ex-situ observational 

data into spatiotemporally continuous four-dimensional estimates of continental- or global-scale 

atmospheric and meteorological fluxes using numerical algorithms. This category includes 

reanalysis datasets derived solely from in-situ and ex-situ data (e.g. CMAP, DayMET, Maurer et 

al. 2002, UoD-v5), as well as those assimilating or blending multiple reanalysis products with or 

without observational measurements (e.g. CanSISE, gridMET, Livneh et al. 2013, NLDAS2).  In 

past studies, reanalysis models were often grouped and defined separately from gridded datasets 

derived through statistical interpolation of in-situ observations (e.g. WaterWatch, Reitz et al. 

2017, GPCC). We combine the two categories, defining the single reanalysis category as 

containing products not generated solely from remote sensing observations or through terrestrial 

hydrologic models. The reasons for this are two-fold: (1) to simplify reporting of results and 

discussion across water budget components, and (2) although interpolation-based products are 

often used as reference datasets in model validation studies, especially for precipitation, accuracy 

decreases in regions with sparse observations and complex topography (Hofstra et al., 2008) and 

so should be considered modeled products. 

2.2.1.3 Remote Sensing-Derived 

The RS-derived datasets (Table 2.1) are components of the hydrologic system derived 

from passive and/or active ex-situ observations. We note the use of the term “RS-derived” rather 

than “RS” because none of the datasets used here can be truly described as direct observations, 

always relying on a range of modeling techniques to create hydrologic estimates.  For example, 

the AMSR-E/Aqua SWE product uses a sequence of steps including a snow detection routine, 

followed by a physical retrieval algorithm, which is then validated against observational SWE 

data (Chang & Rango, 2000), and the SSEBop product uses a radiation-driven energy balance 

model to estimate ET (Senay et al., 2013).  Remote sensing datasets include estimates modeled 

from single-sensor ex-situ observations (MOD16-A2, SSEBop), though most utilize an assembly 

of information from both passive and active sensors at various spatiotemporal resolutions (e.g. 

ESA-CCI, GPCP-v3). 
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2.2.2 Data Processing 

Datasets included in this research cover a broad spectrum of spatial resolutions, extents, 

coordinate reference systems, and time scales, and therefore required a uniform spatiotemporal 

system to better facilitate comparison.  To that end, gridded (e.g. NLDAS2-Mosaic) and 

polygonal (e.g. NHM-PRMS) datasets were aggregated by area-weighted mean to 10 

Environmental Protection Agency Ecoregions, Level I (Omernik & Griffith, 2014) that 

encompass the Watershed Boundary Dataset Hydrologic Units (U.S. Geological Survey, 2016) 

(Fig. 2.1, Table 2.2) over the CONUS.  Datasets were processed in their native coordinate system 

to avoid interpolation of raw values and the reference system of the ecoregions spatial dataset 

was transformed to match that of each target dataset.  Flux and storage terms were aggregated to 

monthly time steps.  Flux values (P, ET, and R) were summed from hourly or daily when 

necessary and storage values (SWE, SM) were averaged.  

 

 

Figure 2.1. Distribution of the ten ecoregions covering the CONUS study domain. 
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Units of P, ET, R, and SWE are uniformly presented as equivalent water depth in 

millimeters (mm).  SM is provided by datasets as either equivalent water depth (mm) or 

volumetric soil moisture content (m3/m3), and denoted as SM(e) or SM(v), respectively.  The 

SM(e) and SM(v) categories are merged during results and discussion when magnitude is 

irrelevant, such as with long-term trend and correlation against RS products.  All data generated 

through these methods are available in an associated data release hosted on the USGS 

ScienceBase (Saxe et al., 2020). 

 
Table 2.2. Sizes of study ecoregions in square kilometres [km2] and percent of study domain. 
 

Ecoregion Area [km2] Percent of CONUS [%] 
Marine West Coast Forest 91,035 1.11 
Mediterranean California 168,757 2.06 
Northwestern Forested Mountains* 859,801 10.52 
North American Deserts* 1,533,536 18.76 
Southern Semiarid Highlands 66,699 0.82 
Temperate Sierras 110,038 1.35 
Great Plains* 2,328,673 28.48 
Eastern Temperate Forests* 2,561,292 31.33 
Northern Forests 433,032 5.30 
Tropical Wet Forests 22,469 0.27 
Total Domain Area 8,175,332 100% 
*Primary ecoregions highlighted during water budget analysis 

 
 

2.2.3 Statistics 

2.2.3.1 Annual Uncertainty 

Uncertainties in hydrologic component values are measured as the variability between 

modeled estimates using coefficient of variation (CV) calculated as: 

 𝐶𝑉 =  𝜎�̅�  𝑥 100%, (2.1) 

where σ is the standard deviation across all products of a given component in a given water year 

and �̅� is the associated mean.  The σ and CV statistics were calculated for each water year (WY; 

a water year is the 12-month period October 1 through September 30 designated by the calendar 

year in which it ends) between available estimates for all components. Annual values of flux 



13 

 

terms (P, ET, and R) were derived by summing monthly values to WYs, and storage terms were 

derived by averaging monthly values by WY.  Incomplete WYs (n months < 12) were discarded.  

Because of incompatibility between dataset temporal ranges, σ and CV values were divided into 

two 15-WY periods: the early period consisting of WYs 1985-1999, and the late period 

consisting of WYs 2000-2014. 

Uncertainty metrics are impacted by the number of models available for each calculation. 

That is, increasing the number of models typically increases the inter-model variability. 

Depending on water year, there can be 14-16 P models, 11-17 ET models, 12-15 R models, 14-

20 SWE models, 7-9 SM(e) models, and 5-7 SM(v) models available. To reduce the effects of 

model count disparity on variability measures, CV and σ are calculated through a bootstrap 

approach that calculates the CV and σ for all possible combinations of 5 models (from the 

minimum SM(v) availability) by water year, and returns final CV and σ as the mean of the 

bootstrapped combinations. 

2.2.3.2 SWE Timing 

Variability in seasonal timing of SWE estimates was compared for trends of both 

accumulation and ablation in terms of relative timing, defined here as the difference between the 

antecedent month of snow accumulation or ablation for each dataset from the mean antecedent 

month of the remaining datasets, calculated for each Julian year from 1985-2014.  The 

antecedent accumulation (ablation) month is defined as the first month of the June-December 

(January-May) period, where change in SWE is greater than (less than) 1 mm per month (-1 mm 

per month).  Some datasets contained anomalies in January and February, showing a large 

negative change in SWE followed by positive rates of SWE accumulation for 1-2 more months, 

which introduced a negative bias into relative timing values.  To eliminate these biases, ablation 

timing was only considered for months subsequent to the final date of positive SWE rate of 

change.  Resulting annual relative timing values are presented for each SWE product grouped by 

(a) early and late periods, (b) accumulation and ablation, and (c) ecoregions Northern Forests and 

Northwestern Forested Mountains. To simplify comparison of SWE timing between trends and 

ecoregions, annual directions of relative timing were summarized by percent direction, defined 

here as the percentage of years with a positive relative timing value: 
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 𝑝+ = |ℝ+||ℝ|  𝑥 100%, (2.2) 

where 𝑝+ is percent direction, |ℝ+| is the cardinality (number of elements in a set) of positive, 

real relative timing values, and |R| is the cardinality of all real values. Percent direction values 

less than 50% (i.e. those dominantly negative) are converted to a scale of 50-100% with: 

 𝑝𝐷 =  { 𝑝+100% −  𝑝+   𝑝+  >  50   𝑝+  <  50, (2.3) 

where pD is the directionalized percent direction colored according to the dominant direction 

value. Positive pD uses a green gradient and negative pD uses a purple gradient. 

2.2.3.3 Inter-annual Trend 

Both the Mann-Kendall trend test (τ) (Kendall, 1938) and Sen’s slope estimator (Sen, 

1968) are used to identify and measure monotonic trends in annual values over WYs 1982-2010.  

Trend significance is evaluated using p-values (p) in a binary significance test, assuming an 

alpha (α) of 0.05 and a null hypothesis of no monotonic trend.  Under the condition of p < α, the 

null hypothesis is rejected and the alternative hypothesis, that of the presence of a monotonic 

trend, is assumed; if p > α, the null hypothesis is not rejected. Disagreement in the presence of 

significant trend and trend direction is quantified using the unalikeability coefficient (u) which 

measures how often categorical variables differ on a 0 ≤ u ≤ 1 scale, with 0 and 1 being complete 

agreement and disagreement, respectively (Kader & Perry, 2007).  This study compares trends 

between 11 to 16 different products (11 ≤ n ≤ 16) depending on water budget component and 

uses categorical values (c) of (a) significant negative trend, (b) significant positive trend, and (c) 

no significant trend, derived from the direction (sign) and significance (α = 0.05) of τ.  When n > 

c, maximum possible u decreases from 1 exponentially to an asymptote of 2/3 as the ratio of n:c 

increases. With a n:c ranging from 11:3 to 16:3, maximum possible u in this trend analysis is 

approximately 0.71. 

Spearman’s rho (Spearman, 1904) is applied to quantify correlation between RS 

components P, ET, SWE, and SM and the analogous components of hydrologic models and 

remote sensing datasets. Spearman’s rho (ρ), a non-parametric rank correlation metric, is used to 

estimate correlation, producing values on a -1 to 1 scale where 1 is perfect positive correlation 

and -1 is perfect negative correlation: 
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 𝜌 =  1 − 6 ∑ 𝑑𝑖2𝑛(𝑛2 − 1), (2.4) 

where d is the difference between ranks and n is sample size. A binary significance test is used to 

test correlation statistics, assuming α = 0.05 and a null hypothesis that there is no relationship 

between datasets.  If p < α, the null hypothesis is rejected and a significant correlation between 

the datasets is assumed; if p > α, the null hypothesis is not rejected.  Correlation is computed and 

assessed along the monthly timestep, requiring a minimum 48 months of temporal overlap 

between the modeled estimates and remote sensing dataset. 

2.2.3.4 Water Budget Imbalances 

Water budgets are calculated assuming a steady-state system and solved for imbalances 

by: 

 𝑃 =  𝐴𝐸𝑇 +  𝑅 +  𝜀, (2.5) 

 𝜀 =  𝑃 −  𝐴𝐸𝑇 −  𝑅, (2.6) 

where ε is imbalances.  Imbalances, ε, cannot be accurately defined as residuals.  In reality, ε is 

the sum of excluded fluxes, in addition to model uncertainty (residuals).  Excluded fluxes include 

both natural (e.g. groundwater recharge, changes to long-term storage) and anthropogenic (e.g. 

groundwater extraction) hydrologic processes.  Relative imbalances (Rε) are calculated to better 

compare water budget results between regions of varying hydrologic flux by weighting water 

budget ε against the total input P: 

 𝑅𝜀 =  (𝜀/𝑃) x 100%, (2.7) 

Water budget relative imbalances were calculated from summed P, ET, R, and ε over the 

10-water year period of 2001-2010 for 15 P, 15 ET, and 13 R estimates (noted in Table 1) with 

temporally continuous monthly data for ten ecoregions. Each ecoregion yielded 2,925 water 

budgets by iterating through all possible combinations of models, totaling 29,250 water budgets 

in primary regions of the CONUS.  In addition, a single water budget was calculated for each of 

the eight ecoregions using the ensemble means of the model estimates over the same period. 
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2.3 Results 

2.3.1 CONUS Domain Average 

2.3.1.1 Magnitude Variability 

Uncertainties between annual estimates of states and fluxes of the hydrologic cycle are 

substantial when averaged over the CONUS for each studied component (Fig. 2.2).  The actual 

magnitude of model estimate differences averaged by water budget component, measured as σ, is 

similar for P, ET, and R (Fig. 2.2a), and low (6.6 mm/yr) for SWE.  However, comparing 

uncertainty relative to mean magnitude (Fig. 2.2b), measured as CV, shows that the vertical, 

atmospheric-controlled fluxes of P and ET demonstrate lower inter-model uncertainty than the 

horizontal flux of R or storage components SWE and SM.  The CV statistic shows how, due to 

the low overall magnitude of SWE, small differences in estimates have a substantial effect on 

magnitude.  SM, which is often a large overall storage term in the water budget, also shows high 

CV, indicating that uncertainty in estimates of this component may have the largest impact on 

hydrologic analyses. 

Unfortunately, high-magnitude differences in SM (Fig. 2.3e & 2.3f) are likely strongly 

controlled by model-defined soil layer depth and thus limit the utility of disagreement statistics.  

For example, the TerraClimate and NLDAS2-Noah models apply spatially invariant rootzone 

soil depth across the model domains (Abatzoglou et al., 2018; Youlong Xia et al., 2012b), 

whereas the NHM-PRMS assumes a variable depth according to vegetative and geophysical 

parameters (Regan et al., 2018).  SM(e) estimates are directly controlled by soil depth, returning 

values of equivalent water depth.  SM(v) differences are likely to be less influenced by soil depth 

due to inherent measurements of fractional volume rather than depth.  However, soil-water 

profiles can change significantly with depth, so attributing model differences strictly by rootzone 

depth definition is more difficult.   
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Figure 2.2: Mean annual a) standard deviation (σ) and b) coefficient of variation (CV) calculated 
between CONUS-extent modeled estimates of hydrologic components precipitation (P), 
evapotranspiration (ET), runoff (R), snow water equivalent (SWE), soil moisture in equivalent 
water depth (SM(e)), and soil moisture in volumetric water content (SM(v)). Whiskers on each 
bar represent the standard deviation of annual values. 

 

Boxplots of modeled estimates by water budget component (Fig. 2.3) demonstrate the 

annual ranges of magnitude generated by various products.  Precipitation models (Fig. 2.3a) 

exhibit low overall variability, with median magnitudes falling within a distinct 100 mm/yr (700-

800 mm/yr) range. The exceptions to this are the CMAP reanalysis datasets, which have a 

median 647 mm/yr. 

Variability among ET estimates (Fig. 2.3b) is higher, falling within a 200 mm/yr (435-

650 mm/yr) range, though attributing differences to model type (e.g. LSMs vs. CMs) is difficult.  

Generally, CMs (MERRA-2/CLSM, MERRA-Land/CLSM, NHM-PRMS) and conceptual 

WBMs (NHM-MWBM, GLEAM, TerraClimate) produce greater annual rates of ET as 

compared to LSMs (NLDAS2-VIC, GLDAS-CLM, NLDAS2-Noah). Exceptions to this are the 

LSMs NLDAS2-MOSAIC and H-TESSEL that are more similar in annual ET flux to CMs and 

WBMs. The RS datasets agree more at the CONUS-extent with lower-magnitude estimates. 
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Figure 2.3. Boxplots of annual water year magnitudes of model estimates averaged over the CONUS extent for hydrologic 
components precipitation (P), evapotranspiration (ET), runoff (R), snow water equivalent (SWE), soil moisture in units of equivalent 

water depth (SM(e)), and soil moisture in units of volumetric water content (SM(v)). Dataset magnitudes are subdivided into two 
periods, 1985-1999 (left) and 2000-2014 (right). Flux component estimates are shown as total water year rates and storage companents 
are shown as average monthly storage. Asterisks are used to identify hydrologic model types: land surface models (****), catchment 
models (***), water balance models (**), and miscellaneous (*). 
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Estimates of R show three distinct clusters of CONUS magnitudes (Fig. 2.3c) of 130-190, 

220-242, and 310-345 mm/yr. The NLDAS2-Noah and NLDAS2-VIC LSMs, which produced 

some of the lowest ET rates, fall within the higher magnitude R clusters, as do the JRA-driven 

SiB models and NHM-PRMS model. The lowest magnitude estimates are the NLDAS2-Mosaic 

and ERA5-driven H-TESSEL LSMs, grouped with the CM MERRA-Land/CLSM and WBM 

TerraClimate. LSMs are more likely to estimate greater R than WBMs or CMs. 

Boxplots of annually averaged SWE monthly values (Fig. 2.3d) show that WBMs, 

notably the NHM-MWMB, generate much higher SWE than most other datasets. Alternatively, 

there are few discernible patterns between the remaining products, with LSMs and CMs 

interspersed throughout the gamut of median values.  To generalize, the LSMs Noah, GLDAS-

CLM, and NLDAS2-Mosaic produce lower-magnitude estimates of monthly SWE. Three 

different Noah estimates, driven with different meteorological forcings and run both 

independently (NLDAS2-Noah) or as part of a larger model (e.g. NCEP-NARR/Eta-Noah), all 

estimate lower SWE relative to other datasets. The two VIC LSMs show contrasting median 

monthly SWE magnitude over the CONUS, with the Livneh-VIC median exceeding the 

NLDAS2-VIC median by more than 200%. The RS AMSR-E/Aqua product agrees more with 

lower-magnitude estimates at the CONUS extent. 

Across all water budget components, most datasets demonstrate lower-magnitude values 

in the late period (WYs 2000-2014) compared to the early period (WYs 1985-1999).  Within the 

P flux, almost all datasets agree on a decrease in magnitude of hydrologic fluxes from early to 

late periods.  This is similarly reflected in the flux estimates of ET and R, and, to a less uniform 

extent, the storage components of SWE and SM.  Several datasets, however, exhibit increased 

estimates from the early to late periods. For example, the NCEP-DOE reanalysis precipitation, 

and corresponding runoff derived by forcing the Noah LSM within the Eta atmospheric model, 

show increased median annual flux rates from the early to late periods. 

2.3.1.2 Trends 

Only 19 out of 87 component estimates exhibit statistically significant CONUS average 

domain trends, evaluated with Sen’s slope, from 1982 to 2010 (Fig. 2.4).  Within most 

components, one or more datasets produced a significant slope that is contradicted by one or 

more datasets.  For example, the R estimates from LSMs GLDAS-CLM, JRA-55/SiB, and 
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ERA5/H-TESSEL each show a significant negative trend in annual values across the CONUS 

over the 1982-2010 period.  Conversely, the NCEP-DOE/Eta-Noah LSM shows a significant 

positive trend over the same period and the remaining datasets, a mix of hydrologic and 

reanalysis models, show no significant trend. While the NCEP-DOE reanalysis precipitation 

trend matches that of the NCEP-DOE forced Eta-Noah, model estimates of SWE indicate a 

significant negative trend. 
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Figure 2.4. Inter-annual (water year) component estimate Sen’s slopes from 1982-2010 for 
precipitation (P), evapotranspiration (ET), snow water equivalent (SWE), soil moisture in units 
of equivalent water depth (SM(e)), and soil moisture in units of volumetric water content 
(SM(v)). Insignificant trends (p > 0.05) are grey. Significant trends are colored based on 
direction: negative trends are gold; positive trends are green. Datasets without complete data 
during the study period are represented with hollow points. 
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2.3.2 Ecoregions 

2.3.2.1 Magnitude Variability 

Uncertainty in modeled hydrologic component estimates in each ecoregion is presented 

in terms of CV (Fig. 2.5).  Ecoregions are organized from west to east within each figure. Results 

and discussion of uncertainty are focused primarily on CV due to the disparity in annual water 

flux between regions.  By component, P and ET estimates demonstrate lower uncertainty 

compared to other hydrologic components (Fig. 2.5a-b).  P estimates typically range in median 

uncertainty from 5-14% in the eastern CONUS and 11-21% in the western CONUS.  P 

uncertainty is highest in mountainous regions with more variable topography (e.g. Northwestern 

Forested Mountains and Temperate Sierras) and lowest in more humid, topographically 

homogeneous regions (e.g. Eastern Temperate Forests). 

The median uncertainties of ET estimates typically range from 13-22% in the eastern 

CONUS ecoregions and 14-26% in the western CONUS.  Uncertainty is greatest along the 

Pacific coast and northerly ecoregions, as well as arid and semi-arid ecoregions that are heavily 

influenced by anthropogenic water use. Of the four largest ecoregions (Table 2.2), Northwestern 

Forested Mountains and North American Deserts demonstrate mean uncertainties of 21% and 

19%, respectively, and the Great Plains and Eastern Temperate Forests demonstrate mean 

uncertainties of 14% each. 

Estimates of R (Fig. 2.5c) generally exceed 29% variability throughout the study 

ecoregions, with median values reaching or exceeding 72% in arid, snow-sparse western 

ecoregions of North American Deserts, Southern Semiarid Highlands, and Temperate Sierras, as 

well as in Tropical Wet Forests influence by tropical storm systems. In the large Northwestern 

Forested Mountains and Great Plains ecoregions, median dataset variability is 28-55% and 47-

81%, respectively. 
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Figure 2.5. Boxplots of uncertainty, measured as annual coefficient of variation (CV), between 
component estimates at ten ecoregions. CV distributions are subdivided into “late” and “early” 
periods, 1985-1999 and 2000-2014. Box lower limits, midlines, and upper limits represent the 
25th, 50th (median), and 75th percentiles, respectively, of the associated data. Whiskers represent 
1.5 times the interquartile range. Box colors denote ecoregion and correspond to map colors in 
Figure 1. Components displayed are precipitation (P), evapotranspiration (ET), runoff (R), snow 
water equivalent (SWE), soil moisture in units of equivalent water depth (SM(e)), and soil 
moisture in units of volumetric water content (SM(v)). Results for SWE uncertainty are omitted 
for ecoregions with limited annual snowpack. 

 

SWE estimate uncertainty is highlighted for the snow-dominated Northwestern Forested 

Mountains and Northern Forests ecoregions (Fig. 2.5d) where annual peak SWE values exceed 

estimated snowpack in the remaining ecoregions by up to 700%. Of primary interest is the 

Northwestern Forested Mountains ecoregion that contains the snowmelt dominated regimes of 

the Rocky, Sierra Nevada, and Cascade mountain ranges that are strong contributors to water 

supply for population centers such as Denver, Los Angeles, San Francisco, Portland, and Seattle.  

In this ecoregion, modeled estimates of monthly mean SWE storage vary by 76-84%, equating to 

median equivalent water depth standard deviations as high as 48 mm/month. 
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SM(e) estimate uncertainty (Fig. 2.5e) is greatest, 66-96%, in arid western ecoregions, 

though other regions fall within a 64-83% uncertainty range. SM(v) shows lower overall 

uncertainty (Fig. 5f) with less dramatic differences between regions, ranging from 36-57%, with 

the greatest uncertainty (44-57%) in central and eastern CONUS ecoregions. As mentioned 

previously, uncertainty in SM estimates, most importantly SM(e), is strongly influenced by 

model-defined rootzone soil thickness.  Spatial differences in SM(e) uncertainty measured as 

CV, therefore, are pronounced in regions with lower water content because CV, a measure of 

relative variability, is more strongly affected by magnitude differences.  Because the range of 

values is constrained from 0-1 in m3/m3, uncertainty in SM(v) is less influenced by spatial 

variability in soil water magnitudes and is therefore a better measure for understanding regional 

soil water estimate disagreement. Following this logic, SM(v) uncertainty is greater in Tropical 

Wet Forests, Northern Forests, and Great Plains ecoregions with an average CV of 53%, 

compared to an average of 42% for the remaining ecoregions. 

2.3.2.2 SWE Accumulation and Ablation 

Timing of SWE estimates is presented in terms of relative timing (Appendix 2.3 & 2.4). 

Figures are divided by Northern Forests and Northwestern Forested Mountains ecoregions, 

trends of accumulation and ablation, and early and late periods.  Negative (positive) values in 

purple (green), identify models where accumulation or ablation begins more than 1 month earlier 

(later) than the mean of other datasets.  Distributions of relative timing by year are presented in 

Appendix 2.3 and summarized as percentage of years that are positive or negative in Appendix 

2.4. In both ecoregions, uncertainty among datasets is greater in ablation timing than 

accumulation timing, and overall uncertainty is greater in the Northwestern Forested Mountains 

ecoregion than in the Northern Forests.  

Relative timing between models can be similar between ecoregions (Appendix 2.3a, 2.4), 

especially regarding accumulation. For instance, the AMSR-E/Aqua RS and NHM-MWBM CM 

consistently show later accumulation start dates than other datasets in both ecoregions, while the 

ERA5-Land/H-TESSEL, JRA-55/SiB, and SNODAS models estimate earlier accumulation 

dates.  Conversely, the JRA-25/SiB and TerraClimate models show different trends in 

accumulation timing between regions with earlier SWE accumulation in Northern Forests but 

later accumulation in Northwestern Forested Mountains. 
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Regarding ablation, outliers are much more common when comparing models (Appendix 

2.3b, 2.4).  For example, the DayMET model consistently estimates a much later start of spring 

ablation while the Eta-Noah models driven with NCEP-DOE and NCEP-NARR reanalyses 

typically estimate much earlier ablation times, often 1-2 months after the mean antecedent month 

(Appendix 2.3).  Uncertainty in ablation timing is typically much higher in the Northwestern 

Forested Mountains ecoregion than in the Northern Forests. The DayMET, ERA5-Land/H-

TESSEL, Livneh-VIC, NLDAS2-VIC, and SNODAS models commonly estimate a later start to 

ablation than the remaining models. 

Models that predict earlier (later) accumulation timing and later (earlier) ablation timing 

represent longer (shorter) periods of growing or available snowpack (Appendix 2.4).  The ERA5-

Land/H-TESSEL, Livneh-VIC, and SNODAS models estimate longer snowpack periods than 

other models in both ecoregions.  The AMSR-E/Aqua, JRA-55/SiB, NHM-PRMS, and 

TerraClimate models estimate longer snowpack periods in only one ecoregion.  The NCEP-

NARR/Eta-Noah, NLDAS2-Mosaic, and NLDAS2-Noah models estimate shorter snowpack 

periods in the Northern Forests ecoregion while the GLDAS-CLM, JRA-25/SiB models estimate 

shorter snowpack periods in the Northwestern Forested Mountains ecoregion. 

Attributing relative timing of SWE to model type is difficult at the monthly scale.  LSMs 

estimate both earlier and later accumulation and ablation antecedences, and the two WBMs in 

this study show opposing timing trends. Similarly, grouping by organization does not yield 

significant similarities.  For example, the timing of NLDAS2-driven LSMs from the National 

Aeronautics and Space Administration (NASA) is dissimilar from that of the MERRA-2- and 

MERRA-Land-driven CLSM, also from NASA. Forcing data also does not yield useful 

information for identifying controlling variables.  Only the NLDAS2-driven models from NASA 

tend to all show later (earlier) accumulation (ablation) timing.  Even the Eta-Noah LSMs, driven 

by the NCEP-DOE reanalysis and the corresponding higher-resolution version for North 

America NCEP-NARR, show different relative timing values in both ecoregions. 

2.3.2.3 Trend 

Inter-annual trend analyses performed with the Mann-Kendall trend test (τ) over water 

years 1982-2010 show varying degrees of agreement and disagreement between ecoregions.  

Figures showing explicit distributions of trends with model names are supplied in the appendix 
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(Appendix 2.5-2.9). Model disagreement in trend direction is quantified using the unalikeability 

coefficient (u) (Fig. 2.6), with 0 and 1 being complete agreement and disagreement, respectively. 

Precipitation estimates demonstrate the lowest u, showing no (u = 0) to low (u = 0.13) 

disagreement in eight ecoregions where datasets show no significant τ (Appendix 2.5). 

Disagreement is higher in North American Deserts and Temperate Sierras ecoregions (u = 0.41-

0.49) where most datasets show a negative τ, and all datasets show a negative τ in the Southern 

Semiarid Highlands. Coefficient u is higher among ET datasets than P datasets, averaging 0.21 

across ecoregions, notably in the North American Deserts and Marine West Coast Forest 

ecoregions (u = 0.46 and 0.53) where negative and insignificant τs are present (Appendix 2.6). 

All datasets identify negative ET τ in the Southern Semiarid Highlands and Temperate Sierras. 

Datasets show positive, negative, and insignificant τ in the Eastern Temperate Forests (u = 0.31) 

and Northern Forests (u = 0.53).  Runoff datasets show the most consistent spatial distribution of 

u > 0 across the study ecoregions. Disagreement in western ecoregions is caused by conflicting 

negative and insignificant R τ (Appendix 2.7), with the greatest u in the Southern Semiarid 

Highlands (u = 0.50) and Temperate Sierras (u = 0.49). Eastern ecoregion τ is generally caused 

by conflicting positive, negative, and insignificant τs (u = 0.26-44). Ecoregions with good 

agreement (u = 0-0.35) is generally due to most datasets showing no significant trend. 

SWE datasets, limited in this study to the Northwestern Forested Mountains and Northern 

Forests, show disagreement, u = 0.42 and 0.40, respectively, mostly caused by conflicting 

negative and insignificant τ, though most datasets show no significant trend (Appendix 2.8). 

Trend agreement is better among SM datasets (mean u = 0.25), though higher u is noted in the 

Northwestern Forested Mountains, North American Deserts, and Northern Forests, caused by 

conflicting negative and insignificant τs. Ecoregions with low u typically show no significant τs 

in SM datasets except for the Southern Semiarid Highlands where most datasets show a 

significant negative τ. 
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Figure 2.6 Bar plots summarizing the disagreement in Mann-Kendall trend (τ) direction using the unalikeability coefficient (u) after 
categorizing τ as significant negative trend, significant positive trend, or no significant trend for ten ecoregions from 1982-2010. Trends 
were assumed to be significant if p < 0.05. u can range from complete agreement (u = 0) to complete disagreement (u = 1) when sample 
size (n) is less than the number of categorical values (c). Because here n > c, maximum possible u is approximately 0.71 (dotted red 
line). Text to the right of each bar shows, in order, the u value and the number of datasets showing negative/insignificant/positive trend. 
Bars are color-matched to ecoregion colors from Figure 1 and are ordered from west (top) to east (bottom). Results are provided for 
water balance components of precipitation (P), evapotranspiration (ET), runoff (R), snow water equivalent (SWE), and soil moisture 
(SM) in units of either equivalent water depth or volumetric water content. 
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Generally, τ disagreement is highest in North American Deserts and Northern Forests 

ecoregions and lowest in Mediterranean California, Eastern Temperate Forests, Marine West 

Coast Forest, and Tropical Wet Forests ecoregions. Trend disagreement is almost always caused 

by conflicting negative and insignificant trends, indicating that disagreement is due to occurrence 

and not direction of trend. That is to say, higher u values are caused by disagreement over 

whether there is or is not a significant trend present in the data, as opposed to higher u values 

being caused by disagreement between significant negative and significant positive trends. 

2.3.2.4 Correlation with Remote Sensing 

Spearman’s rho (ρ) correlation was calculated for all hydrologic models and reanalysis 

datasets against remote sensing products with 48 or more months of intersecting temporal extents 

(Fig. 2.7, Table 2.3).  Precipitation datasets (Fig. 2.7a-b), correlated against the GPCP-v3 and 

TMPA-3B43 products, show high correlation compared against 13 datasets (ρ = 0.93-0.99) with 

no statistically insignificant values.  Variability of P estimate correlations are low (± 0.01-0.09).  

ET datasets correlated against the MOD16-A2 and SSEBop products (Fig. 2.7c-d) show poorer 

correlation in western ecoregions, with mean ρ ranging from 0.59-0.91.  Extreme cases are found 

when correlating against MOD16-A2 in North American Deserts (ρ = -0.28) and SSEBop in 

Mediterranean California (ρ = 0.25) where four datasets show insignificant ρ.  The exception in 

the western CONUS is in Northwestern Forested Mountains where models correlate against both 

RS datasets well (MOD16-A2 ρ = 0.91 and SSEBop ρ = 0.89).  Correlation against both products 

is high in eastern ecoregions, ranging from ρ = 0.88-0.96 with standard deviation decreasing as ρ 

increases. 

SWE datasets correlated against the AMSR-E/Aqua product are highlighted for the 

Northwestern Forested Mountains and Northern Forests ecoregions (Fig. 2.7e).  Modeled 

estimates correlate better in the Northwestern Forested Mountains (ρ = 0.91) than Northern 

Forests (ρ = 0.80). SM datasets show worse and more variable ρ against remote sensing products 

ESA-CCI and SMOS-L4 (Fig. 2.7f-g) than other components.  At the CONUS scale, estimates 

correlate very poorly against the ESA-CCI product (ρ = 0.17) and only moderately well against 

SMOS-L4 (ρ = 0.68).  Generally, correlation is best in the Mediterranean California and Eastern 

Temperate Forests ecoregions and worst in Northwestern Forested Mountains, North American 

Deserts, and Northern Forests.
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Figure 2.7. Spearman’s rho (ρ) correlation values of hydrologic model and reanalysis dataset component estimates against remote 
sensing-derived products for components of precipitation (P), evapotranspiration (ET), soil moisture in units of both equivalent water 
depth (SM(e)) and volumetric water content (SM(v)), and snow water equivalent (SWE). The title of each sub-plot (e.g. Figure 2.7a) 
provides the hydrologic component (e.g. P) and the remote sensing product against which the dataset was correlated (e.g. GPCP-v3). 
Statistically significant ρ values (p < 0.05) are shown as coloured circles. Insignificant ρ values (p > 0.05) are shown as black squares. 
Horizontal bars within each ecoregion denote mean ρ. Point and bar colours correspond to ecoregions, as shown in Figure 1. Each 
point or square corresponds to a single modeled dataset, with points sorted by descending ρ value. 
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Table 2.3. Spearman’s rho (ρ) correlation of monthly hydrologic model and reanalysis dataset 
estimates against remote sensing products quantifying hydrologic components precipitation (P), 
evapotranspiration (ET), snow water equivalent (SWE), and soil moisture (SM). Correlation was 
calculated at ten ecoregions and the CONUS extent. The number of modelled datasets correlated 
against remote sensing products is shown as (n = X) for each column. Mean and standard 
deviation (σ) of ρ are provided for each ecoregion and remote sensing products as ρ ± σ. Counts 
of statistically insignificant correlations (Y) are denoted when n > 0 as (Y). SM combines 
datasets produced in units of equivalent water depth (SM(e) in text) and volumetric soil moisture 
water content (SM(v) in text). Correlation of SWE products is included only for regions of high 
annual mean SWE storage. Hydrologic model and reanalysis datasets (Table 1) used in each 
column are listed in the footnotes. 
 

 P  AET 
 GPCP-v31 TMPA-3B432  MOD16-A23 SSEBop3 

Ecoregion (n=15) (n=14)  (n=15) (n=15) 

Marine W. Coast Forest 0.99 ± 0.01 0.99 ± 0.01  0.82 ± 0.18 0.80 ± 0.19 
Medit. California 0.98 ± 0.01 0.97 ± 0.02  0.71 ± 0.20 0.25 ± 0.42 (4) 
NW Forested Mtns 0.97 ± 0.05 0.96 ± 0.05  0.91 ± 0.06 0.89 ± 0.08 
N. American Deserts 0.95 ± 0.05 0.94 ± 0.05  -0.28 ± 0.17 (4) 0.81 ± 0.13 
So. Semiarid Highlands 0.97 ± 0.04 0.96 ± 0.05  0.67 ± 0.17 0.64 ± 0.17 
Temperate Sierras 0.97 ± 0.04 0.96 ± 0.04  0.59 ± 0.15 0.68 ± 0.18 
Great Plains 0.99 ± 0.02 0.98 ± 0.01  0.92 ± 0.02 0.93 ± 0.03 
E. Temperate Forests 0.95 ± 0.09 0.94 ± 0.07  0.96 ± 0.03 0.94 ± 0.03 
Northern Forests 0.96 ± 0.03 0.93 ± 0.02  0.94 ± 0.03 0.94 ± 0.02 
Tropical Wet Forests 0.97 ± 0.03 0.96 ± 0.03  0.88 ± 0.05 0.88 ± 0.09 
CONUS‡ 0.94 ± 0.07 0.91 ± 0.06  0.95 ± 0.02 0.95 ± 0.03 
      
 SWE   RZSM 
 AMSR-E/Aqua4   ESA-CCI5 SMOS-L46 

Ecoregion (n=18)   (n=15) (n=13) 
Marine W. Coast Forest *   0.72 ± 0.09 0.78 ± 0.09 
Medit. California *   0.79 ± 0.13 0.92 ± 0.04 
NW Forested Mtns 0.91 ± 0.07   0.58 ± 0.10 0.27 ± 0.12 (2) 
N. American Deserts *   0.61 ± 0.18 0.28 ± 0.11 (2) 
So. Semiarid Highlands *   0.63 ± 0.20 0.79 ± 0.16 
Temperate Sierras *   0.51 ± 0.19 0.43 ± 0.21 (1) 
Great Plains *   0.62 ± 0.15 0.69 ± 0.06 
E. Temperate Forests *   0.74 ± 0.10 0.83 ± 0.08 
Northern Forests 0.80 ± 0.03   0.44 ± 0.08 0.12 ± 0.21 (10) 
Tropical Wet Forests *   0.40 ± 0.19 (1) 0.57 ± 0.16 
CONUS‡ 0.91 ± 0.03   0.17 ± 0.05 (4) 0.68 ± 0.09 
1 CMAP-Enhanced & -Standard, DayMET, ERA5, ERA5-Land, GPCC, gridMET, Livneh et al. 2013, Maurer et al. 2002, MERRA-2, MERRA-

Land, NCEP-DOE, NLDAS2, PRISM, and UoD-v5. 

2 CMAP-Enhanced & -Standard, DayMET, ERA5, ERA5-Land, GPCC, gridMET, Livneh et al. 2013, MERRA-2, MERRA-Land, NCEP-DOE, 

NLDAS2, PRISM, and UoD-v5. 

3 CSIRO-PML, ERA5-Land/H-TESSEL, GLDAS-CLM, GLEAM-v3.3a & -v3.3b, MERRA-2 & MERRA-Land/CLSM, NHM-MWBM & -PRMS, 

NLDAS2-Mosaic, -Noah, & -VIC, Reitz et al. 2017, TerraClimate, and VegET. 

4 CanSISE, DayMET, ERA5-Land/H-TESSEL, GLDAS-CLM, JRA-25 & JRA-55/SiB, Livneh-VIC, MERRA-2 & MERRA-Land/CLSM, NCEP-DOE 

& NCEP-NARR/Eta-Noah, NHM-MWBM & -PRMS, NLDAS2-Mosaic, -Noah, & -VIC, SNODAS, and TerraClimate. 

5 CPC, ERA5-Land & ERA5/H-TESSEL, GLEAM-v3.3a & -v3.3b, JRA-25 & JRA-55/SiB, MERRA-2/CLSM, NHM-MWBM & -PRMS, NLDAS2-

Mosaic, -Noah & -VIC, TerraClimate, and VegET. 

6 CPC, ERA5-Land & ERA5/H-TESSEL, GLEAM-v3.3a & -v3.3b, JRA-55/SiB, MERRA-2/CLSM, NHM-PRMS, NLDAS2-Mosaic, -Noah, & -VIC, 

TerraClimate, and VegET. 

* Regions omitted. 

‡ Calculated from datasets spatially aggregated by weighted area mean at the CONUS extent (Figure 1), not as a mean of individual ecoregion ρ 
estimates above. 
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2.3.2.5 Case Study: Impact of Model Selection on Water Budget Imbalances 

A case study calculating 2,925 10-year water budgets (WY 2001-2010) using 15 P, 15 

ET, and 13 R estimates for each of ten ecoregions was performed to demonstrate quantitatively 

how model selection can affect research results.  Each water budget was solved for a relative 

imbalance (Rε) with Eq. 2.7, estimating model error as a fraction of total water flux in P. 

Histograms of results overlain with boxplots (Fig. 2.8) demonstrate the range and 

distribution of potential water budget Rεs.  In most ecoregions, Rεs exhibit an approximately 

normal distribution.  Four ecoregions dominating the area of the CONUS (Fig. 2.8a-d), 

constituting 90% of the CONUS area (Table 2.2), are the focus of these results: the western 

ecoregions Northwestern Forested Mountains and North American Deserts, and the eastern 

ecoregions Great Plains and Eastern Temperate Forests (11%, 19%, 29%, and 31% of CONUS 

area, respectively). 

Of these larger domains, water budget Rε’s in the eastern ecoregions show much lower 

variability (Table 2.4), with Great Plains and Eastern Temperate Forests yielding σs of 18.2 

percentage points and 14.3 percentage points, respectively, and medians of 3.9% and -0.4%, 

respectively.  Similarly, the 10th and 90th percentiles (P10 and P90) are -23.2% and 23.6% for 

Great Plains, and -19.9% and 17.2% for Eastern Temperate Forests.  In contrast, the major 

western ecoregions exhibit much higher variability, with Northwestern Forested Mountains and 

North American Desert σs of 45.6% and 27.0%, respectively, and medians of -6.7% and 4.7%, 

respectively.  P10 and P90 are higher than eastern regions as well, yielding -83.3% and 23.8% 

for Northwestern Forested Mountains and -33.2% and 36.6% for North American Deserts.  

Smaller ecoregions (Fig. 2.8e-j) yield similar spatial trends in variability with the eastern 

Northern Forests ecoregion showing lower σ and P10/90 than the western Marine West Coast 

Forest and Mediterranean California ecoregions. 

 



33 

 

 

Figure 2.8. Histograms of ten ecoregion water budget relative imbalances calculated from 
combinations of all annual precipitation (15), evapotranspiration (15), and runoff (13) datasets 
with complete data from water years 2001-2010 (Table 1). Each region yielded 2,925 water 
budgets. Relative imbalances are calculated as a percentage of annual P. The 10th and 90th 
percentiles of each ecoregion distribution are provided as vertical dotted lines. Dashed vertical 
lines represent the relative imbalances of 10-year (2001-2010) water budgets from the ensemble 
mean of all modeled products. 
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The Northwestern Forested Mountains region, accounting for 11% of the CONUS area, is 

unique among ecoregions in this study.  It exhibits the greatest magnitude variability in iterative 

water budget Rε, P10 - P90 Rε ranges, skewness (-1.6), and kurtosis (3.7).  Furthermore, the 

difference between the ensemble water budget Rε and median iterative water budget Rε is 

greater than any other ecoregion (-6.3 points). 

 
Table 2.4. Summary statistics of ecoregion water budget calculations summed for complete water 
years 2001-2010. Median (P50) and standard deviation (σ) summarize the iterative water budgets’ 
(n = 2,925) relative imbalances (Rε) in units of percent. The 10th, 25th, 75th, and 90th percentiles 
(Pi) quantify distribution ranges, along with skew (γ) and kurtosis (K). The ensemble column μ 
provides water budget Rε produced from the ensemble mean of all datasets available for water 
years 2001-2010. 
 

Ecoregion σ P10 P25 P50 P75 P90 μ γ K 

Marine W. Coast Forest ±29.5 -46.0 -21.3 -2.3 12.2 26.8 -3.8 -0.9 1.1 
Medit. California ±27.0 -45.4 -18.6 -3.6 9.8 23.0 -4.7 -1.0 1.3 
NW Forested Mtns* ±45.6 -83.3 -35.0 -6.7 10.5 23.8 -13.0 -1.7 4.3 

N. American Deserts* ±27.0 -33.2 -13.7 4.7 21.1 36.6 3.8 -0.5 0.3 

So. Semiarid Highlands ±30.0 -40.5 -7.2 4.9 19.0 45.2 5.8 -0.7 1.5 
Temperate Sierras ±37.2 -64.6 -15.5 3.0 14.9 31.4 0.4 -1.4 2.2 
Great Plains* ±18.2 -23.2 -9.1 3.9 14.8 23.6 2.5 -0.6 0.5 

E. Temperate Forests* ±14.3 -19.9 -10.4 -0.4 8.8 17.2 -0.5 -0.2 -0.1 

Northern Forests ±18.9 -24.3 -13.0 -0.2 12.6 23.9 0.4 -0.1 0.0 
Tropical Wet Forest ±24.6 -35.5 -16.7 0.5 15.2 27.4 -0.7 -0.6 0.4 
*Primary focus ecoregions 

 
 

2.4 Discussion 

Results of model comparisons demonstrate the effect that model disagreement can have 

on both regional- and continental-scale research. Comparisons of P estimates agree with previous 

findings (Derin & Yilmaz, 2014; Guirguis & Avissar, 2008; Sun et al., 2018), noting increased 

uncertainty between products in regions of complex topography. ET comparisons showed that 

LSMs are more likely to produce lower annual ET than CMs and WBMs, similar to results found 

by Mueller et al. (2011), and that model disagreement is higher in Pacific regions, similar to the 

comparison and validation of MOD16-A2, NLDAS2-Noah, and ALEXI by Carter et al. (2018). 

However, this paper finds some differences from the work of Carter et al. (2018), noting higher 

uncertainty of ET estimates in arid, semi-arid, and mountainous regions, as well as lower 
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uncertainty in eastern regions. Haddeland et al. (2011) found that LSMs underestimate R 

partitioning relative to global hydrologic models (not used in this paper). Here, we find that 

LSMs are more likely to estimate greater R than either WBMs or CMs. Xia et al. (2012a, 2012b) 

noted greater model disagreement in R estimates between several LSMs in north-eastern and 

western mountainous regions of the CONUS. This paper, using CV as a measure of relative 

uncertainty, alternatively shows that modeled runoff uncertainty is higher in the arid and semi-

arid regions of the western CONUS where annual R rates are lower.  

Previous analyses of modeled SWE estimates focused largely on validation of winter 

snowpack magnitudes against the SNODAS model or on the timing of accumulation and ablation 

periods.  Broxton et al. (2016) found that LSMs estimated earlier ablation timing than 

observational measurements, contrasting the results of Essery et al. (2009) and Rutter et al. 

(2009) who noted later timing in LSMs.  Our results indicate the alternative argument that 

neither snow accumulation nor ablation timing can be accurately attributed solely to model 

design, noting differences in relative timing of as much as two months between LSMs. 

Contrasting the arguments by Murdryk et al. (2015) and Broxton et al. (2016), who concluded 

that uncertainty in estimates may be controlled by differences in model structure, results here 

show that attributing model differences to structure is likely impossible without controlling for 

forcing data, model parameters, and calibration methods. Properly identifying controls on model 

differences requires robust MIPs wherein hydrologic models are operated within the confines of 

strict input data and calibration schemes, such as those performed by Haddeland et al. (2011), 

Kollet et al. (2017), or Rosenzweig et al. (2013). 

Perhaps the most important variable controlling uncertainties in SM(e) are the 

discrepancies in model-defined rootzone depth. Typically the largest surface storage component 

in the hydrologic cycle, differences in SM(e) estimates will more greatly affect water availability 

calculations than any other component. Koster et al. (2009) argued that modeled soil moisture, 

related in units of equivalent water depth (i.e. SM(e)), should not be considered direct measures 

of actual soil water content but instead should be used as relative values to identify seasonal to 

annual trends and responses to changing climatology. However, LSM estimates of soil moisture 

depth are commonly applied in research applications as direct measures of soil water content.  

For example, groundwater storage trends are calculated from Gravity Recovery and Climate 
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Experiment (GRACE) solutions of terrestrial water storage anomalies (Matthew Rodell, Chen, et 

al., 2007; Bridget R. Scanlon et al., 2012; Thomas & Famiglietti, 2019; Voss et al., 2013). 

Groundwater storage is calculated as the remainder after removing surface storage components 

such as modeled surface water storage, SWE, and SM(e) storage values from GRACE terrestrial 

water storage. Because estimates of SM(e) can vary by 64-96%, groundwater storage values 

derived from GRACE solutions will be significantly affected. Groundwater storage values are 

most commonly extracted using the NLDAS2- or GLDAS-driven LSMs Mosaic, Noah, VIC, or 

CLM that agree more in monthly SM(e) magnitude than with other estimates from WBMs or 

CMs. However, even those products show differences in SM(e) estimates of up to 250 mm per 

year.  Therefore, quantifying differences in SM(e) is useful in understanding uncertainty 

propagation in research results. 

In terms of evaluating surface water availability, snowmelt from the Northwestern 

Forested Mountains ecoregion is a primary supply of water for many western population centers.  

However, disagreement between models of annual snowpack in this study, measured as SWE, 

averages 97% relative variability and timing on accumulation or ablation can vary by up to two 

months.  These levels of disagreement strongly affect the accuracy of predictive and 

retrospective snow water analyses of both present snowpack and long-term trends. 

LSMs, typically targeted to estimate the vertical ET flux, generally overestimate R 

compared to CMs. Conversely, CMs, targeted to estimate the horizontal R flux, often 

overestimate ET compared to LSMs. This is likely an example of equifinality (Beven, 2006), 

wherein target variable accuracy may be reached without accurately representing the complete 

hydrologic system.  In comparing model output by organization, estimates of P, ET, and SWE 

produced by NASA are often lower in magnitude than those produced by the USGS and 

European Centre for Medium-Range Weather Forecasts (ECMWF), indicating organizational 

differences in model operation methods, such as forcing data selection or calibration 

methodology. 

Results of the water budget case studies demonstrate that water budget Rεs are more 

variable in the western CONUS, with σ of ±27.0-45.6% by ecoregion, although even eastern 

CONUS Rε range in variability from ±14.3-18.9% by ecoregion. In all regions, various 

combinations of products can result in both positive and negative imbalances (ε), yielding 
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alarmingly different research implications.  Positive ε (P > ET + R) means that more water is 

entering a system than leaving.  Assuming limited influence of model uncertainty, this would 

imply that excluded natural or anthropogenic fluxes are removing water from the P = ET + R 

system.  This could be interpreted as the presence of long-term natural contributions to storage 

components, such as soil moisture or groundwater, or as the presence of anthropogenic 

extractions.  The same region, depending on models selected, could yield negative ε (P < ET + 

R), implying the presence of additive fluxes, such as releases from surface storage or increased 

irrigation from imported water.   

Results in this paper supplement the work of Haddeland et al. (2011, p. 2) who argued 

that climate change effect modeling on large-scale hydrologic processes should utilize a range of 

model estimates rather than rely on a single model realization.  Indeed, we show that model 

variability of storage components often exceeds the magnitude of the measurements themselves, 

calling into question the functional application of terrestrial storage estimates. Our work shows 

that ensembles of model estimates are not only useful, but are in fact a necessity, to best 

understand both terrestrial hydrology and quantify our degree of knowledge. Improved 

ensembling methods, such as was done by Zaherpour et al. (2019), will likely be invaluable 

resources in the fields of terrestrial hydrology, climatology, and meteorology modeling. Work by 

Newman et al. (2015) and Addor et al. (2017) organized numerous modeled datasets across 

hundreds of watershed in the U.S. through the Catchment Attributes and MEteorology for Large-

sample Studies (CAMELs) dataset, compiling meteorological, geophysical, and hydrologic 

response variables. Data hosted within the CAMELs dataset, as well as the datasets prepared for 

this study (Saxe et al., 2020), reduce the workload for users to better understand the inherent 

uncertainty in modeled products. This comprehensive and systematic comparison helps elucidate 

where we as a scientific community could better target research efforts to reconcile large-extent 

estimates of the hydrologic cycle.  Most importantly, differences in modeled SM(e), both in 

terms of magnitude depth and correlation against RS products, would need to be addressed at the 

continental-scale to better understand the largest surface store. Further, estimates in SWE, ET, 

and R need to be reconciled in much of the western CONUS to provide a more accurate 

retrospective and operational overview of the hydrologic cycle. Finally, differences in hydrologic 

estimates warrant incorporation into future analysis that use these products to provide the 

scientific community with a more robust understanding of results confidence and areas of 
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uncertainty.  All datasets explored in this paper are easily obtained from publicly available 

sources, and modern data processing workflows are applied to multiple datasets without 

difficulty. 

2.5 Conclusion 

Model selection can significantly alter results and findings when used as a substitute for 

observational data.  Publicly available modeled estimates are commonly used within the 

scientific community, though literature effectively evaluating differences in magnitude and trend 

in the context of application is rare.  Model Intercomparison Projects abound within the scientific 

literature, often focusing on the causes of model disagreement (e.g., forcing data, model 

structure, calibration) and validating against in-situ observational data despite limited 

availability.  In contrast, this study investigated how publicly available modeled estimates of 

hydrologic flux and storage components can affect scientific analyses by quantifying 

disagreement between numerous hydrologic models, reanalysis datasets, and remote sensing 

products. 

Results show that flux and storage magnitudes disagree most greatly in the western 

CONUS, with uncertainty (measured as coefficient of variation) ranging from11-21% for 

precipitation (P), 14-26% for evapotranspiration (ET), 28-82% for runoff (R), 76-84% for snow 

water equivalent (SWE), and 36-96% for soil moisture (SM).  In the eastern CONUS, 

uncertainty is somewhat lower, ranging from 5-14% for P, 13-22% for ET, 28-82% for R, 53-

63% for SWE, and 42-83% for SM.  Inter-annual trends in estimates from 1982-2010 show more 

comprehensive agreement for P and ET fluxes, but common disagreement for R, SWE, and SM. 

Disagreement in trends (i.e. positive versus negative versus insignificant) between models is 

typically a result of conflicting negative and insignificant trends rather than between negative 

and positive trends, indicating that disagreement is due to occurrence and not direction of trend.  

Correlating fluxes and stores against remote sensing-derived products shows poor overall 

correlation in the western CONUS for ET and SM.  P correlates well in all regions, and SWE 

correlates well in the primary regions of Northwestern Forested Mountains and Northern Forests. 

A water budget analysis, performed by iterating through all combinations of publicly 

available modeled products highlighted in this research, shows that in large eastern ecoregions 
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model selection can result in relative imbalances ranging from -50 to 50%.  In larger western 

ecoregions, relative imbalances can range from -150 to 60%. 

Publicly available modeled estimates of the hydrologic system accelerate the 

development of scientific research by reducing the necessary workload, processing time, and 

technical expertise for researchers.  In addition, estimates fill knowledge gaps in fluxes and 

stores where observational data are incomplete.  Metrics of disagreement in component estimates 

presented here help to describe the uncertainty of the scientific community’s current state of 

knowledge.  The uncertainty inherent in modern datasets can affect results of studies as diverse 

as satellite-derived groundwater estimates and predictive snowmelt analyses. Our results 

highlight problem areas within CONUS-extent hydrologic estimation efforts that warrant better 

understanding and addressing in future endeavors. Most importantly, our results show that the 

most important issues to reconcile are disagreement, in terms of both magnitude and long-term 

trend, of (a) SM storage across the CONUS, (b) SWE storage in western mountains, and (c) 

hydrologic fluxes in western arid and semi-arid regions.  Additionally, our results support the 

findings of previous studies and agree that future work applying modeled data would prove to be 

more accurate, more informative, and more robust by incorporating model ensembles to provide 

confidence intervals, better quantify result uncertainty, and improve overall accuracy. 
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Abstract 

Groundwater (GW) is a critical consumptive water use supply, yet in-situ observational 

networks are sparse. The Gravity Recovery and Climate Experiment (GRACE) helps fill gaps in 

GW data by providing continuous measurements of terrestrial water storage (TWS) from which 

long-term trends in GW can be derived by removing measures of surface water (SW) storage. 

Limited in-situ SW observations, however, typically require the use of hydrologic models that 

can introduce additional uncertainty into GRACE-derived GW trends. Here, we seek to better 

understand how SW model selection affects GRACE GW uncertainty over the conterminous 

United States (CONUS) using 50 unique simulations from 2004 to 2010. Analysis of storage 

contribution to GW trend shows that where trend in TWS is weak or neligible, SW models can 

introduce new, uncertain trends into simulated GW. Where trend in TWS is strong, SW models 

increase the uncertainty in GW trend spatial extents. We find moderately higher levels of GW 

trend uncertainty than previous studies in the southwest CONUS (9-21%) and note exceptionally 

high uncertainty in the northwest and east CONUS (45-54%) attributed primarily to 

disagreement on trend direction between modeled soil moisture estimates. Model disagreement is 

primarily driven by meteorological forcing data, followed by differences in model structure and 

parameterization that control storage changes along the soil column gradient. Results suggest 

that GRACE groundwater trends are obscured by SW model uncertainty in regions of low-

magnitude TWS change, requiring satellite observations to be heavily supplemented with in-situ 

data to support GRACE as an alternative observational system. 

3.1 Introduction 

Groundwater withdrawals accounted for 29% of fresh water usage in the United States in 

2015, representing an increase of 8.3% from 2010, 90% of which are for thermoelectric power, 

irrigation, and public supply (Dieter et al., 2018; Maupin et al., 2014). Groundwater withdrawals 
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have increased in the United States over the last half century (Konikow, 2013, 2015), accounting 

for approximately 43% of total consumptive irrigation water use globally and are a critical 

supply of freshwater for billions of people (Siebert et al., 2010).  However, groundwater 

monitoring systems are spatially and temporally heterogeneous, typically offering only limited 

data availability.  A modern alternative to expensive and difficult to install in situ measurement 

systems are satellite observation systems. Use of satellite data to monitor terrestrial hydrology 

has increased over the past two decades, fueled by increasing numbers of operational satellites, 

advances in sensor hardware, and the rapid growth of computational power. Passive and active 

sensor data are used to measure precipitation (Huffman et al., 2019), evapotranspiration (Mu et 

al., 2007; Senay, 2008), snow storage (Tedesco et al., 2004), and soil moisture (Al Bitar et al., 

2013; Dorigo et al., 2017). The planned Surface Water and Ocean Topography (SWOT) mission 

will offer observability of surface water systems (Biancamaria et al., 2016). 

The Gravity Recovery and Climate Experiment (GRACE) (Tapley, Bettadpur, et al., 

2004), operational from 2002-2017 and extended through the Follow-On mission (GRACE-FO) 

beginning in 2018, offers a spatiotemporally continuous method to measure groundwater storage 

changes at the global scale. GRACE measures monthly gravitational changes over the Earth from 

which can be derived changes in ocean mass (Chambers et al., 2010), glacier mass balances 

(Arendt et al., 2008), sea-floor pressures (Piecuch et al., 2013), and terrestrial water storage 

(TWS) (F. W. Landerer & Swenson, 2012), for example. By removing modeled or observed 

estimates of surface water storage from TWS, GRACE data provides the scientific community 

with a continuous data product to estimate groundwater change (Bridget R. Scanlon et al., 2018). 

Numerous studies have utilized this methodology by removing surface water storage components 

of soil moisture (SM), snow water equivalent (SWE), surface water (SW), and/or canopy water 

(CW) from GRACE TWS (Asoka et al., 2017; J. Chen et al., 2014; Famiglietti et al., 2011; B. R. 

Scanlon et al., 2012).   

Measures of SM and SWE are conventionally supplied from land surface models (LSMs) 

operated by the National Aeronautics and Space Administration (NASA) Global Land Data 

Assimilation System (GLDAS) and North American Land Data Assimilation System (NLDAS) 

groups at 1° and 1/8° spatial resolution, respectively, including the Community Land Model 

(CLM) (Matthew Rodell, Beaudoing, et al., 2007a), Mosaic (Mocko & NASA/GSFC/HSL, 
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2012a; Matthew Rodell, Beaudoing, et al., 2007b), Noah (Mocko & NASA/GSFC/HSL, 2012b; 

Matthew Rodell, Beaudoing, et al., 2007c), and Variable Infiltration Capacity (VIC) (Mocko & 

NASA/GSFC/HSL, 2012c; Matthew Rodell, Beaudoing, et al., 2007d) models (Asoka et al., 

2017; Famiglietti et al., 2011; B. R. Scanlon et al., 2012; Voss et al., 2013). The LSMs supply 

spatiotemporally uniform hindcast estimates of SWE, SM, and CW, components of the 

hydrologic cycle which are notoriously difficult to measure over large extents and lack 

homogeneous in-situ networks. Values of SWS are often supplied from in-situ reservoir 

measurements (e.g. Scanlon et al., 2012), ex-situ altimetry measurements of large water bodies 

(e.g. Voss et al., 2013), or monthly streamgage measurements of runoff (e.g. Thomas & 

Famiglietti, 2019). 

GRACE-derived GW applications have been predominantly focused on agricultural and 

drought-stricken regions with high levels of GW dependence and withdrawals, such as the 

Central Valley of California (Famiglietti et al., 2011; B. R. Scanlon et al., 2012), the United 

States High Plains aquifer (Bridget R. Scanlon et al., 2012), the north-central Middle East (Voss 

et al., 2013), India (Asoka et al., 2017; J. Chen et al., 2014), and Australia (J. L. Chen et al., 

2016).  Methods for evaluating uncertainty (ε) in GRACE-derived GW estimates vary somewhat 

between studies, but typically follow the same general principles: levels of ε are assumed for 

each input dataset and then propagated into the final GW trend values, typically through a least 

squares fit (Famiglietti et al., 2011; Voss et al., 2013).  Values of ε are assumed by one or more 

of:  

a) validation against observational measurements e.g. Chen et al. (2016) GW, 

b) previous literature conclusions e.g. Famiglietti et al. (2011) TWS, 

c) variability (e.g. standard deviation) between merged model estimates e.g. Voss et al. 

(2013) SM and SWE, Scanlon et al. (2012) SWE, or 

d) assumed constant value in lieu of other metrics e.g. Famiglietti et al. (2011) SWS and 

SWE. 

In this study, we derive estimates of GWA from 5 GRACE solutions using 10 surface water 

model estimates of SM and SWE from 2004 to 2010 to better understand the uncertainty 

involved in both GRACE TWS and surface water models, as well as the effects of model 

selection on conclusions drawn from remotely sensed groundwater. 
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3.2 Materials and Methods 

3.2.1 Datasets 

 
Table 3.1. Modeled datasets used in this study with references and spatiotemporal resolutions 
 

Dataset* Reference Spatial Temporal 
GRACE Solutions    
 Mascon    
 CSR RL06 v1 (Save, 2019; Save et al., 2016) 1/4° monthly 
 JPL RL06 v2 (Wiese et al., 2018) 1/2° monthly 

 Spherical Harmonic    
 CSR RL06 v3 (F. Landerer, 2020a) 1° monthly 
 GFZ RL06 v3 (F. Landerer, 2020b) 1° monthly 
 JPL RL06 v3 (F. Landerer, 2020c) 1° monthly 
Surface Water    
 GLDAS1    
 CLM 2.0 (Rodell et al., 2007b) 1° 3-hourly 
 Mosaic (Rodell et al., 2007c) 1° 3-hourly 
 Noah 2.7 (Rodell et al., 2007d) 1° 3-hourly 
 VIC† (Rodell et al., 2007e) 1° 3-hourly 
 NLDAS2    
 Mosaic (Mocko, 2012a) 1/8° hourly 

 Noah 2.8 (Mocko, 2012b) 1/8° hourly 

 VIC‡ (Mocko, 2012c) 1/8° hourly 

 NHM    
 MWBM (McCabe & Markstrom, 2007) HRU monthly 
 PRMS (Regan et al., 2018) HRU daily 
 Other    
 SNODAS (Barrett, 2003) 1 km daily 
 VegET (Senay, 2008) 1 km daily 
GRACE: Gravity Recovery and Climate Experiment; GLDAS1: Global Land Data Assimilation 

System Phase 1; NLDAS2: North American Land Data Assimilation System Phase 2; CSR: 
Center for Space Research at University of Texas, Austin; JPL: Jet Propulsion Laboratory; GFZ: 
GeoforschungsZentrum Potsdam; CLM: Community Land Model; VIC: Variable Infiltration 

Capacity; NHM: National Hydrologic Model; MWBM: Monthly Water Balance Model; PRMS: 
Precipitation Runoff Model System; SNODAS: SNOw Data Assimilation System. 
† Run in water balance mode (Rui & Beaudoing, 2009) 
‡ Run in full water and energy balance mode (Rui & Mocko, 2009) 
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3.2.1.1 GRACE Terrestrial Water Storage 

This study utilizes five level 3 GRACE solution estimates of TWS over the conterminous 

United States (CONUS) derived through either unconstrained spherical harmonic (i.e. spherical 

harmonic) or mass concentration block (i.e. mascon) basis functions (Table 3.1). Estimates of 

TWS are provided as anomalies (TWSA), the difference of each timeseries measurement from 

the mean over a baseline period. Spherical harmonic and mascon solutions use baseline periods 

of 2005 to 2010 and 2004 to 2009, respectively. The three spherical harmonic solutions in this 

study are CSR Release-06 (RL06) v3 (F. Landerer, 2020a), GFZ RL06 v3 (F. Landerer, 2020b), 

and JPL RL06 v3 (F. Landerer, 2020c), each sourced from grace.jpl.nasa.gov. The two mascon 

solutions used are CSR RL06 v1 (Save, 2019; Save et al., 2016) and JPL RL06 v2 (Wiese et al., 

2018).  Spherical harmonic and mascon solutions are herein denoted with the prefixes “SH-“ 

(e.g. SH-CSR) and “MC-” (e.g. MC-CSR), respectively.  Both solution types follow a similar 

general methodology in that they are derived directly from CSR, GFZ, or JPL level 1B products 

consisting of instrument positions and velocities generated from raw GRACE measurements 

(Case et al., 2010).  The resulting level 2 products are monthly gravity field models in units of 

equivalent water depth representing the sum of solid earth gravitational contribution, water 

storage, and error (Frappart & Ramillien, 2018; Save et al., 2016). Applying further solution-

specific adjustments (e.g. mass and boundary corrections, destriping filters, or Gaussian spatial 

smoothing) results in the level 3 products used to evaluate changes in terrestrial water storage 

(Cooley & Landerer, 2019).  

Spherical harmonic and mascon GRACE solution methodologies diverge in the selection 

of basis functions used to derive level 2 monthly gravity fields.  The former calculate Stokes 

coefficients through unconstrained spherical harmonic expansion from changes to Earth’s 

gravitational potential (Heiskanen & Moritz, 1967; Tapley, Schutz, et al., 2004).  Variability 

between spherical harmonic solutions is attributed to the applied degree and order, coefficients, 

and spatial processing techniques. As advised by the primary authors (Cooley & Landerer, 

2019), spherical harmonic solutions are often merged into a single product through an arithmetic 

ensemble mean to reduce gravity field noise (Sakumura et al., 2014). Despite the advantages of 

an ensemble product, spherical harmonic solutions nonetheless suffer from numerous issues, 

including north-south striping due to poor observability of east-west gradients, requiring 
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destriping filters that can attenuate gravity fields, hosting greater leakage errors than mascon 

solutions (Cooley & Landerer, 2019), and requiring larger model-derived scaling factors 

(Watkins et al., 2015).  

Mascon solutions relate intersatellite range-rate or range-acceleration measurements to 

mass concentration block basis functions through explicit partial derivatives. Basis functions can 

be represented by either an analytic mascon formulation, e.g. MC-JPL (Watkins et al., 2015), or 

a finite truncated spherical harmonic expansion, e.g. MC-CSR (Save et al., 2016).  Mascon 

solutions allow for tuning of state variables, increased resolution, better application of coastline 

resolution improvement (CRI) filters, and greater ease-of-use over glaciers and ice caps (Cooley 

& Landerer, 2019; Jacob et al., 2012).  Importantly, noise in GRACE observational data is 

filtered within the level 2 step via a priori geophysical constraints rather than through level 3 

empirical post-processing filters required by the unconstrained spherical harmonic solutions. 

Spatial differences in mascon solutions are strongly influenced by the explicit finite extent 

representations of mascon tiles.  Save et al. (2016) utilized a geodesic grid composed of 1° 

hexagonal and pentagonal tiles for MC-CSR while Watkins et al. (2015) utilized a 3° spherical 

cap model for MC-JPL. As a result, the MC-JPL solution shows decreased spatial detail and 

more abrupt step changes between mascons due to inherently lower resolution and inter-spherical 

cap gaps than MC-CSR (Jing et al., 2019).  Authors of MC-JPL state, however, that gap gravity 

is absorbed by neighboring mascons (Watkins et al., 2015).  

The SH solutions, and MC-JPL to a lesser magnitude, require the application of scaling 

factors to correct for mass gain and loss.  This mass attenuation can be caused by post-processing 

methods, in the case of spherical harmonic solutions (Cooley & Landerer, 2019), or by mascon 

basis functions causing inherent spatial smoothing, in the case of the MC-JPL solution (Watkins 

et al., 2015). This study applies the scaling factors included with each product, which were 

derived as the least squares fit between the 1° and upscaled Global Land Data Assimilation 

System (GLDAS) product (F. W. Landerer & Swenson, 2012; Watkins et al., 2015). Scaling 

factors for RL06 SH-CSR, SH-GFZ, and SH-JPL solutions were not available at the time of this 

study, and so earlier scaling factors from RL05 were applied. 
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3.2.1.2 Surface Water 

Estimates of surface water storage used here to calculate GW from GRACE TWSA 

include LSM, catchment model (CM), and water balance model (WBM) sources (Table 3.1).  

LSMs in this study are produced by NASA’s GLDAS and NLDAS, including the CLM, Mosaic, 

Noah, and VIC models. The National Hydrologic Model-Precipitation Runoff Modeling System 

(NHM-PRMS) (Regan et al., 2018) CM and the NHM-Monthly Water Balance Model (NHM-

MWBM) (G. J. McCabe & Markstrom, 2007) are provided by the United States Geological 

Survey (USGS).  Additionally, independent models VegET (Senay, 2008) and SNODAS 

(Barrett, 2003) are used to estimate SM and SWE, respectively, providing storage estimates that 

are not constrained by the water and energy balance systems that control the larger, more holistic 

models. For each model, GW is derived from GRACE by removing the modeled estimates of 

surface storage SM and SWE. 

Subdivisions of hydrologic models are typically defined by hydrologic variables of 

interest. LSMs are most often optimized to estimate land-atmosphere interactions and CMs are 

targeted toward streamflow, while WBMs provide a simple overview of the primary terrestrial 

hydrology processes (Archfield et al., 2015). The 1° GLDAS1- and 1/8° NLDAS2-driven LSMs 

are operated hourly or 3-hourly at discrete spatial extents using different constraining parameters 

(Rui & Beaudoing, 2009). The CLM and Mosaic model utilize sub-grid tiling to represent 

heterogeneity by calculating independent energy and water balances (Dai et al., 2003; Koster & 

Suarez, 1996).  The CLM, Mosaic, and Noah LSMs balance both energy and water budgets to 

estimate terrestrial hydrology, while the VIC LSM is run in water balance mode and does not 

compute energy fluxes (Rui & Beaudoing, 2009). Subsurface structuring varies between models 

with the CLM, Mosaic, Noah, and VIC LSM soil columns subdivided into 10, 3, 4, and 3 

spatially invariant layers of different depths, respectively. Model versions driven with NLDAS2 

return only a single soil moisture variable of rootzone soil while the GLDAS1-driven models 

return all respective layers. 

The NHM-MWBM and NHM-PRMS are operated on the USGS geospatial fabric 

consisting of approximately 109,000 hydrologic response units (HRUs) over the CONUS. The 

NHM-PRMS, operated at the daily timestep, estimates components of terrestrial hydrology 

through a conceptualized watershed composed of reservoirs, stream segments, and lakes 
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maintained with a balanced water budget that accounts for the horizontal transfer of water 

(Regan et al., 2018). The NHM-MWBM, operated at the monthly timestep, applies the 

methodology of Thornthwaite (1948) to estimate the largest components of the water budget (G. 

J. McCabe & Markstrom, 2007). 

SW storage is also estimated from the combination of the VegET and SNODAS 

independent models. VegET estimates soil moisture through a precipitation-driven one-

dimensional rootzone water balance model (Senay, 2008). The SNODAS model integrates SWE 

estimated from a physically-based energy- and mass-balance snow model with observational and 

reanalysis data from in-situ and ex-situ sources (Barrett, 2003). 

3.2.2 Data Processing 

Provided scaling factors were applied to the SH-CSR, SH-GFZ, SH-JPL, and MC-JPL 

GRACE solutions. Land masks included with all solutions were applied to remove ocean tiles. 

Spherical harmonic GRACE solutions were provided at 1° resolution, while MC-CSR and MC-

JPL were provided at ¼° and ½° degree, respectively. To set a uniform spatial comparison grid 

between all datasets, solutions were aggregated by spatial mean to 1° in lat-lon space, cropped to 

the CONUS extent, and masked to identical grid cell rows and columns using the R ‘raster’ 

package (Hijmans, 2020).  Temporal gaps in GRACE solutions sometimes exceeded 1 month 

and required temporal interpolation to create uniform timeseries (Cooley & Landerer, 2019; 

Naga Manohar Velpuri et al., 2019). Monthly TWSA from each solution was interpolated to the 

daily timestep using spline interpolation through the R package ‘zoo’ (Naga Manohar Velpuri et 

al., 2019; Zeileis & Grothendieck, 2005) and then reduced to a single monthly value by selecting 

the end-of-month day. 

Surface water (SW) model estimates of SWE and SM with spatial resolutions less than 1° 

were aggregated by spatial mean and cropped to match the resolution and extent of the GRACE 

solutions. End-of-month values were selected as representative monthly values for datasets with 

sub-monthly time steps. Total SM from GLDAS models was calculated for each model as the 

sum of water content in all respective soil layers.  The storage values of SWE and SM were 

converted to anomalies (SWEA and SMA) by removing their respective means over baseline 

periods used within the GRACE solutions.  Because the spherical harmonic and mascon 

solutions use different baseline periods (2005-2010 and 2004-2009, respectively), the conversion 
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of storage to anomaly was performed for each solution type.  Soil layers 2-9 in the GLDAS1-

CLM were summed to facilitate simpler comparisons between models. 

GWA is calculated as the remainder from TWSA after removing surface storage 

components of SMA, SWEA, CWA, and SWA (Bridget R. Scanlon et al., 2018):   

 𝐺𝑊𝐴 = 𝑇𝑊𝑆𝐴 − 𝑆𝑀𝐴 − 𝑆𝑊𝐸𝐴 − 𝑆𝑊𝐴 − 𝐶𝑊𝐴, (3.1) 

Although CWA is sometimes included in Eqn. 3.1 (Asoka et al., 2017), it is typically omitted for 

CONUS-focused applications due to its insignificance as a component of TWSA (Bridget R. 

Scanlon et al., 2012; Syed et al., 2008; Thomas & Famiglietti, 2019). 

Additionally, we exclude SWA in our calculations of GWA.  Most often, SWA values 

are aggregated from county, state, or federal government databases of in situ measurements (B. 

R. Scanlon et al., 2012; Voss et al., 2013). Because SWA is often not modeled, we therefore 

consider it a constant as it does not contribute to the discussion of the implied uncertainty in 

deriving GWA from GRACE using hydrologic models.  We use the reduced Eqn. 3.2 to derive 

GWA from GRACE TWSA for each of the three spherical harmonic and two mascon solutions: 

 𝐺𝑊𝐴 = 𝑇𝑊𝑆𝐴 − 𝑆𝑀𝐴 − 𝑆𝑊𝐸𝐴, (3.2) 

3.2.3 Statistical Methods 

3.2.3.1 Seasonal Trend Decomposition 

Seasonal cycles in GWA were removed from the monthly timeseries at each cell using 

locally-weighted regression (loess) implemented through the Seasonal-Trend Decomposition 

Procedure (STL) (Cleveland et al., 1990) following the methods of previous GRACE studies 

(Bergmann et al., 2012; Frappart et al., 2013; Jing et al., 2019). The STL filtering procedure 

subdivides timeseries data (Yv) into components of trend (Tv), seasonal (Sv), and remainder (Rv) 

represented through: 

 𝑌𝑣 =  𝑇𝑣 +  𝑆𝑣 +  𝑅𝑣, (3.3) 

Using two nested procedures, called the inner and outer loops, STL calculates Tv and Sv 

estimates within the inner loop using loess while robustness weights computed in the outer loop 
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are used as optimization values to reduce outliers. Rv represents the sum of sub-seasonal signal 

and uncertainty. 

3.2.3.2 Trends and Interactions 

Trend magnitudes were determined at each grid cell for GWA, SWEA, and total SMA 

from all models, as well as for all respective GLDAS1 LSM SM layers. Trend was quantified 

using generalized least squares (GLS) regression on deseasonalized storage components from 

2004 to 2010. Statistical significance of trends was evaluated using p-values (p) in a binary 

significance test assuming an alpha (α) of 0.05 and a null hypothesis of no monotonic trend. 

Under the condition of p < α, the null hypothesis is rejected and the alternative hypothesis, that 

of the presence of a significant monotonic trend, is assumed. If p > α, the null hypothesis of no 

monotonic trend is assumed. GLS is used as an alternative to Sen’s slope (Sen, 1968), a common 

method for trend analysis of timeseries due to its insensitivity to outliers. Because Sen’s slope is 

derived from the median rather than the mean of inter-point differences, it does not provide an 

accurate method to evaluate regressor interactions (Aiken et al., 1991) discussed below.   

By deriving trend in storage components through a linear regression method, Eqn. 3.2 can 

be applied in the form of a regression equation to incorporate slope: 

 �̂� =  ∑ 𝑏𝑖𝑋𝑖𝑛𝑖=1 , (3.4) 

where dependent variable �̂� is the sum of the product of 𝑛 independent variables 𝑋 and 

associated regression coefficients 𝑏 (i.e. slopes).  Under this linear relationship, the slope of �̂� is 

equal to the sum of all independent variable 𝑏: 

 𝑏�̂� =  ∑ 𝑏𝑖𝑛𝑖=1 , (3.5) 

Interactions of regressor variables with the dependent variable are typically calculated 

using centered regressor variables (Aiken et al., 1991) in which case 𝑏𝑖 are used directly as 

measures of magnitude control. In the case of derived GWA, however, we are interested in the 

spatial differences of surface water component control and want to identify where, for instance, 

SWEA is a significant control on GRACE-derived GWA. Because trends may be both positive 

and negative at a single point for different 𝑋, as is often the case within individual soil layers in 

GLDAS1 models, percent contribution (PC) was calculated for each component 𝑋 using the 

absolute values of 𝑏𝑖: 
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 𝑃𝐶 =  | 𝑏𝑖 |∑ | 𝑏𝑖 𝑛𝑖=1 | ∗ 100%, (3.6) 

where the magnitude of control of each independent variable trend 𝑏𝑖 over the dependent 

variable trend 𝑏�̂� is quantified as a percentage ranging from 0 to 100%. Equation 6 was used to 

calculate the PC of independent surface water components TWSA, SMA, and SWEA to the trend 

in dependent GWA. Because SMA typically constitutes a greater percentage of TWSA than 

SWEA, PC was calculated for each soil layer in GLDAS1 LSMs to quantify depth contribution 

to SMA trend. Example applications of Eqn. 3.6 are shown in Table 3.2. All data generated 

through these methods are available in an associated data release hosted on the USGS 

ScienceBase (Saxe, Farmer, Hogue, et al., 2021).  

 

Table 3.2. Example applications of Eqn. (6) to estimate percent contribution (PC) of independent 
variables to dependent variables least squares regression slope. Equations were applied to each 
grid cell using the trend (𝑏) derived using generalized least squares (GLS) regression on 
deseasonalized estimates from 2004 to 2010. 
 

LSM Dep. Ind. Equation 

Mosaic GWA SWEA 𝑃𝐶𝐺𝐿𝐷𝐴𝑆1−𝑀𝑜𝑠𝑎𝑖𝑐 =  | 𝑏𝑆𝑊𝐸𝐴 || 𝑏𝑇𝑊𝑆𝐴 | + | 𝑏𝑆𝑀𝐴 | + | 𝑏𝑆𝑊𝐸𝐴 | ∗ 100% 

VIC SMA SMA(L2) 𝑃𝐶𝐺𝐿𝐷𝐴𝑆1−𝑉𝐼𝐶 =  | 𝑏𝑆𝑀𝐴(𝐿2) || 𝑏𝑆𝑀𝐴(𝐿1)  | + | 𝑏𝑆𝑀𝐴(𝐿2) | + | 𝑏𝑆𝑀𝐴(𝐿3)  | ∗ 100% 

 
 

3.3 Results 

3.3.1 CONUS GWA Trend 

3.3.1.1 Results - Comparing trend between combinations 

Figure 3.1 shows the monthly trend in GWA derived from GRACE spherical harmonic 

and mascon solutions using modeled SMA and SWEA estimates from GLDAS1, NLDAS2, 

NHM, and VegET/SNODAS models from 2004 to 2010. Here, trend magnitude are described in 

terms of strength, with “weak” trends ranging from ± 0 to 1 mm/mon, “moderate” trends ranging 

from ± 1 to 3 mm/mon, and “strong” trends as ± 3 mm/mon or greater. In addition to discussing 

the complete CONUS, four geographic regions are discussed in greater detail: the east, central, 
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southwest, and northwest regions (Fig. 3.1). Between all models and GRACE solutions, the 

central and southwest regions exhibit strong positive and negative trends, respectively, with 

inter-model variability represented as changes to the spatial extent of moderate and strong trends. 

The east and northwest regions, however, exhibit greater inter-model variability as a result of 

model disagreement on trend magnitude and direction, as well as extent. 
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Figure 3.1. Maps comparing groundwater anomaly (GWA) trend derived from 5 GRACE 
terrestrial water storage (TWS) solutions and 10 surface water (SW) model combinations. Trend 
is calculated as the generalized least squares slope of deseasonalized GWA. Standard deviation 
(SD) between GRACE solutions for each SW model is shown along the right-hand. Trend in 
TWS from the arithmetic mean of all 5 GRACE solutions is shown in the bottom-right for 
comparison. Grid cells with statistically significant GWA trend (p < 0.05) are denoted with a 
point marker. Red outlines on the top-left map identify the central, northwest, southwest, and 
east regions discussed in greater detail in the text. 
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The distribution of GWA trends over the CONUS is strongly related to the underlying 

framework that is utilized. That is, models driven by the NLDAS2 are more similar than those 

driven with the GLDAS1 or within the NHM. The NLDAS2 models exhibit weaker positive 

trends with reduced spatial extent in the central region relative to other models, similar moderate 

to strong negative trends in the southwest, and generally weak negative and positive trends in the 

east and northwest, respectively. The GLDAS1 models in the central region yield higher 

magnitude trends with greater spatial extents along the north-south track than other models. In 

the east and northwest regions, GLDAS1 models show moderate to strong positive and negative 

trends, respectively, that are not produced by other model combinations. In addition, GLDAS1 

model trends in the southwest are greater in spatial extent to the east and north. The CLM yields 

some of the general characteristics of the other GLDAS1 models, such as larger trends in the 

central and northwest regions, but is more similar over the rest of the CONUS to the NHM 

models. The NHM models are similar to TWSA trend over the much of the CONUS, indicating 

that trends in the PRMS and MWBM SM and SWE are small relative to TWSA. GWA trends 

from the VegET/SNODAS combination are very different from TWSA trends, resulting in 

substantially reduced positive trends in the central regions in terms of both magnitude and extent. 

Further, there are more moderate and strong positive trends in the western CONUS that are not 

found in the NLDAS2 or NHM models.  

Past studies conventionally used the ensemble mean of multiple GLDAS1 or NLDAS2 

LSMs for estimates of SM and SWE (Asoka et al., 2017; Famiglietti et al., 2011; B. R. Scanlon 

et al., 2012; Voss et al., 2013), often assuming uncertainty as the σ between estimates due to a 

lack of observational data. However, ensembles of GLDAS1 models compared to NLDAS2 

models yield very different GWA trends. Figure 3.2 shows GWA trends from 2004 to 2010 

using the arithmetic ensemble means of GLDAS1 and NLDAS2 LSMs. The GLDAS1 ensemble 

produces higher-magnitude trends in the central and southwest regions than the NLDAS2 

ensemble, as well as introducing new moderate to strong trends in the northwest and east. 
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Figure 3.2. Maps comparing groundwater anomaly (GWA) trends derived from 5 GRACE 
terrestrial water storage (TWS) solutions using the arithmetic ensemble means of Global Land 
Data Assimilation System Phase 1 (GLDAS1) and North American Land Data Assimilation 
System Phase 2 (NLDAS2) land surface models over the conterminous United States. Trend is 
calculated as the generalized least squares slope of deseasonalized GWA, shown on a linear 
blue-brown color scheme. Grid cells with statistically significant GWA trend (p < 0.05) are 
denoted with a point marker. Red outlines on the top-left SH-CSR/GLDAS1 map identify the 
central, northwest, southwest, and east regions discussed in greater detail in the text. 

 
 

3.3.1.2 Discussion - Controls on variability 

Variability between GRACE solutions (between columns, Fig. 3.1) is lower than that 

between SW models, in terms of derived GWA trend, agreeing with the conclusions of Scanlon 

et al. (2012) who found an r2 of 0.93 in TWS changes between two spherical harmonic GRACE 

solutions. The MC-JPL solution produces higher magnitude trends with larger, more irregular 

spatial extents over the CONUS than the other solutions, while the MC-CSR solution exhibits 

lower-magnitude trends. However, the general distribution of trends from GRACE solutions 

across the CONUS typically agree on trend direction much more than do SW models. 

Variability in GWA estimates, quantified as σ and cv in Fig. 3.1 and Table 3.3, is more 

strongly controlled by selection of modeled SM and SWE estimates than by selection of GRACE 

TWSA solution. Over the CONUS, median σ of GWA trends between SW models is ± 0.48 

mm/month (cv = 140%), more than twice the inter-GRACE solution median σ of ± 0.21 

mm/month (cv = 45%). SW models yield greater ranges of variability across the CONUS with 

10th and 90th σ percentiles of ± 0.22 and 1.33 mm/month, respectively, compared against 

GRACE solution ranges of ± 0.09 and 0.49 mm/month, respectively. SW model variability is 

greatest in the east and northwest regions of the CONUS, whereas GRACE solution variability is 

greatest in the central CONUS and along the east and west coasts. 
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Table 3.3. Quantile distribution of variability, quantified as standard deviation (σ) and coefficient 
of variation (cv), over the CONUS between groundwater anomaly (GWA) trends estimated via 
two methods: (1) varying surface water (SW) models, one constant terrestrial water storage 
anomaly (TWSA) GRACE solution; (2) varying TWSA GRACE solutions, one constant SW 
model.  
 

 Varying SW model 
(1) 

 Varying TWSA solution 
(2) 

Quantile 
σ 

[mm/mon] 
cv* 

[%] 
 σ 

[mm/mon] 
cv* 

[%] 
10% ± 0.22 44  ± 0.09 14 
25% ± 0.32 77  ± 0.13 24 
50% ± 0.48 140  ± 0.21 45 
75% ± 0.82 296  ± 0.33 95 
90% ± 1.33 756  ± 0.49 245 

* Quantiles calculated from the absolute values of cv. 
Rounded to nearest integer. 

 

To explain causes of model disagreement, it is important to separate the sources of 

variability into meteorological forcings and model structure. Using the GLDAS1 and NLDAS1 

LSMs Noah, and VIC, we compare the σ between models driven with the same forcing against 

the σ between the same model driven with different forcings (Table 3.4). The CLM was excluded 

because it is not available with the NLDAS2 and the Mosaic model was excluded because the 

GLDAS1 and NLDAS2 versions uses 3.5 m and 2.0 m soil column depths, respectively. 

Variability, at least in the case of LDAS LSMs, is more strongly influenced by forcing data than 

model structure as seen by the variability of different forcings on the same model (± 0.42 to 0.56 

mm/month) exceeding the variability of different models with the same forcing (± 0.16 to 0.31 

mm/month) by an average of 88%. So while model structure contributes a substantial amount of 

uncertainty to SM and SWE, meteorological forcing data is the primary contributor to 

uncertainty between models, agreeing with the conclusions of Kato et al. (2007). 
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Table 3.4. Standard deviation (σ) between groundwater anomaly trend estimates from the Noah 
and VIC LSMs, calculated between both models forced with the same meteorological data (e.g. 
GLDAS1-Noah vs. GLDAS1-VIC) and between both versions of the same model forced with 
different meteorological data (e.g. GLDAS1-Noah vs. NLDAS2-Noah). Values are summarized 
over the CONUS as the 10th percentile (10th p), and 90th percentile (90th p) in mm/month. GWA 
was calculated using the SH-CSR GRACE solution. 
 

Constant: Variable 
10th p 

[mm/mon] 
σ 

[mm/mon] 
90th p 

[mm/mon] 
GLDAS1: Noah, VIC 0.05 0.31 0.72 
NLDAS2: Noah, VIC 0.02 0.16 0.39 

    

Noah: GLDAS1, NLDAS2 0.09 0.42 1.02 
VIC: GLDAS1, NLDAS2 0.05 0.56 1.12 

 

 

3.3.2 Controls on Trend 

3.3.2.1 Results - TWSA, SMA, and SWEA 

Contributions of SW to derived GWA trends are highly variable between models and 

disproportionately distributed between components (Fig. 3.3). Of the three surface water 

components used here to derive GWA from GRACE, the strongest contributor to trend is most 

often TWSA. In the central and southwest regions of the CONUS, TWSA typically accounts for 

50% or more of the total GWA trend, and often more than 80%. In the northwest region, on the 

other hand, TWSA accounts for under 30% of the total GWA trend when using GLDAS1 LSMs 

or 50%+ to 80%+ when using the other models. Notably, moderate and strong trends in GWA in 

the northwest region are only produced using GLDAS1 models. Across non-GLDAS1 models, 

trends in GWA in the east region are controlled by TWSA by more than 50-80%, while with 

GLDAS1 models TWSA contribution is reduced substantially, to as low as 1-30% in the case of 

the Mosaic model. 

Between modeled SW components, SMA is typically a stronger contributor to GWA 

trends than SWEA and much more important in dictating the spatial extent of trends. All four 

regions highlighted in this paper are affected by modeled SMA. The presence of moderate and 

strong negative trends in the northwest region and moderate and strong positive trends in the east 

region are products solely of the GLDAS1 models, as are the increased spatial extent of central 
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and southwest region trends. SWEA is only a large contributor to GWA trend in snow-

dominated areas in the western and northeastern CONUS, and is strongly affected by hydrologic 

model. For example, the GLDAS1- and NLDAS2-VIC LSMs yield stronger SWEA control over 

GWA anomaly than do GLDAS1- and NLDAS2-Noah LSMs. 

Each GLDAS1 LSM contains different numbers of soil layers composing spatially 

invariant soil columns of different depths. CLM contains 10 soil layers (here aggregated down to 

4 layers), Mosaic and VIC contain 3 layers, and Noah contains 4 layers. Total soil column depths 

range from approximately 2 m (e.g. Noah and VIC) to approximately 3.5 m (e.g. CLM and 

Mosaic). The contribution of soil layers to total SMA trend is variable between models and 

sometimes disproportionately distributed relative to layer thickness.  

Contribution to SMA trend is more evenly apportioned between layers in the GLDAS1-

Mosaic and GLDAS1-Noah models, related as functions of both relative layer depth and relative 

water content (Fig. 3.4). That is, total SM water content in the Mosaic and VIC models is 

distributed approximately linearly between layers according to layer thickness. SM in the CLM 

and VIC model, conversely, is distributed non-linearly by thickness, leading to relative over- or 

under-contribution of layers. For example, CLM layers 2 (aggregated) and 3 constitute 39.8% 

and 59.7% of the column depth, respectively, but store 66.2% and 33.2% of total mean SM, 

respectively.  Alternatively, soil layers 2 and 3 in the Mosaic model constitute 42.3% and 57.1% 

of the column depth, respectively, and store 39% and 60.5% of total mean SM, respectively.  

Relative to depth, layer contributions to SM trend in the CLM and VIC model are biased in favor 

of the middle layers. Relative to water content, though, only the VIC model produces 

contribution biases. So although water is distributed unevenly among layers in the CLM, 

contribution is generally linearly related to stored water. 
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Figure 3.3. Maps showing the contribution of modeled surface water component anomalies of 
terrestrial water storage (TWSA), soil moisture (SMA), and snow water equivalent (SWEA) to 
monthly groundwater anomaly (GWA) trend using the MC-CSR GRACE solution. For 
comparison, maps of estimated GWA trend are shown along the right-hand side on a linear blue-
brown color scheme. 
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Figure 3.4. Boxplots showing the relationship between soil layer percent contribution to total soil 
moisture anomaly (SMA) trend to percent of total soil column depth (left column) and percent of 
total soil water (right column). Soil layers are identified by number (e.g. soil layer 1 is L1) next 
to each boxplot. Soil layers that contribute a greater (lesser) percentage to SMA trend than they 
constitute total column depth, denoted in blue (orange), are relative over-contributors (under-
contributors). Median differences with magnitudes greater than 3 percentage points are provided 
in grey text. 
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3.3.2.2 Discussion - Effects of model contribution 

To generalize, where trends in GRACE-derived TWSA are weak, trends of modeled 

SMA and SWEA strongly affect the results of GWA analysis by introducing uncertainty caused 

by differences in meteorological forcing, as well as model structure (e.g. soil column depth, sub-

grid tiling scheme, snow process modeling) and parameterization (e.g. vegetation, soil 

classification). Where trends in GRACE-derived TWSA are strong, modeled SMA and SWEA 

control the spatial extent of trend regions. SM trend, which is strongly controlled by simulated 

soil water volume, can amplify existing GWA trends or introduce entirely new trends that are not 

present in remote sensing-based GRACE TWSA. 

Although the GLDAS1 models used in this study utilize varying soil layer schemes and 

total column depth, contribution to total SMA trend is typically linearly distributed by layer 

according to simulated water stored, with the exception of the VIC model. In Section 3.4.1.2, we 

noted that variability is greater between the same model forced with two different meteorological 

datasets than the variability between two different models forced with the same dataset and 

concluded that forcing data is a greater contributor to model uncertainty than is differences in 

model structure. Despite this, model structure is still a large contributor to GWA trend 

uncertainty, largely driven by disagreement in SM trend. Differences in the distribution of stored 

water between soil layers is likely a primary cause of SM uncertainty. Depending on internal 

model mechanics, simulated input water from meteorological forcing may propagate into soil 

layers at different rates. Figure 3.4 showed that models with deeper layers contributing more to 

total SMA trend, such as GLDAS1-Mosaic and -Noah, often produce larger-magnitude trends 

than models more reliant on shallow layers to drive total SMA trend, such as GLDAS-CLM and 

-VIC. That is, variability in SMA trend between GLDAS1 models is largely controlled by the 

degree to which each model propagates meteorological trends along the soil column.  

3.3.3 Comparison of Uncertainty 

Previous GRACE GW studies in the southwest CONUS, using models to estimate SM 

and SWE, found uncertainty in GRACE-derived GWA estimates of 8% (Famiglietti et al., 2011) 

and 10% (B. R. Scanlon et al., 2012). Here, we find GWA trend uncertainty in the southwest 

region ranging from 15-21%, depending on SW models (Table 3.5), resulting from greater 

estimates of SMA variability. Whereas the previous southwest region studies assumed SWEA 
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uncertainty roughly equivalent to values found here (± 7 to 28 mm/month and ± 10 to 18 

mm/month, respectively) (Table 3.5b), we estimate SMA uncertainty in the southwest region 

approximately 2 to 6 times higher. However the grid cells selected for the southwest region in 

this study encompass a smaller spatial extent than the studies discussed above and so 

comparisons of estimated uncertainty are better understood as approximations rather than direct 

comparisons as using a larger region would likely attenuate uncertainty estimates. Outside the 

CONUS, estimated levels of uncertainty in GWA trend are more similar to values summarized in 

this paper. In northwest India, Tiwari et al. (2009), Rodell et al. (2009) , and Chen et al. (2014) 

estimated the uncertainties in their GRACE GWA trend as 17%, 25%, and 35%, respectively. 

Chen et al. (2016) estimate GRACE GW trend uncertainty as 21 to 27% in northwest Australia, 

Feng et al. (2013) estimate 14% in North China, and Voss et al. (2013) estimate 12% in the 

Middle East. 

Where trends in GRACE TWSA are high in magnitude, uncertainty between estimates of 

GWA derived using various SW models is lower, ranging from approximately 9-21%. Where 

trends in GRACE TWSA are low, however, the influence of less-certain SW models is greater 

and results in much higher GWA trend uncertainty, ranging from 45-54% in the northwest region 

(Table 3.5c). In the east region, cv is not calculable due to the presence of both positive and 

negative trends. In other words, models disagree on the direction of trend in addition to the 

magnitude. Comparing east region σ variability when including GLDAS1 LSMs is ± 116 to 170 

mm/month, approximately 4.8 to 6.8 times larger than in the southwest region and 3 to 34 times 

larger than in the central region. 

 
  



62 

 

Table 3.5. Variability between model estimates, calculated as standard deviation (σ) and 
coefficient of variation (cv), at four regions from 2004 to 2010 for soil moisture (SM), soil 
moisture anomaly (SMA), snow water equivalent (SWE), snow water equivalent anomaly 
(SWEA), groundwater anomaly (GWA), and GWA trend in units of mm/month or mm over 
complete time period, when indicated. Measures of variability are presented as ± σ (cv%). 
Dashes (-) are used when cv is not calculable for anomalies due to the presence of both positive 
and negative values.  
 

(a) Monthly Surface Water Storage Variability  

Ensembles Southwest Central East Northwest CONUS 
SM  

     All ± 189 (68%) ± 202 (59%) ± 273 (63%) ± 237 (65%) ± 203 (57%) 
     GLDAS1 & NLDAS2 ± 103 (27%) ± 111 (25%) ± 184 (32%) ± 149 (30%) ± 98 (21%) 
     GLDAS1 ± 116 (28%) ±   92 (20%) ± 172 (26%) ± 150 (26%) ± 105 (21%) 
     GLDAS1 (exc. CLM) ± 101 (27%) ±   85 (20%) ± 204 (31%) ± 179 (31%) ± 105 (22%) 
     NLDAS2 ±   61 (19%) ± 146 (36%) ± 165 (35%) ± 18 (5%) ± 80 (19%) 
SWE  

     All ± 17 (126%) ± 8 (177%) ± 0.8 (102%) ± 38 (162%) ± 10 (181%) 
     GLDAS1 & NLDAS2 ± 12 (106%) ± 2 (47%) ± 0.5 (59%) ± 42 (152%) ± 2 (129%) 
     GLDAS1 ±   8 (41%) ± 0.8 (28%) ± 0.5 (36%) ± 23 (46%) ± 2 (57%) 
     GLDAS1 (exc. CLM) ±   9 (44%) ± 0.5 (20%) ± 0.3 (31%) ± 23 (50%) ± 2 (64%) 
     NLDAS2 ±   9 (59%) ± 0.9 (20%) ± 0.1 (33%) ± 49 (128%) ± 2 (87%) 

  

(b) Monthly Anomaly Variability  

Ensembles Southwest Central East Northwest  
SMA      
     All ± 31 (-) ± 35 (-) ± 56 (-) ± 46 (-) ± 19 (-) 
     GLDAS1 & NLDAS2 ± 25 (-) ± 20 (-) ± 57 (-) ± 43 (-) ± 15 (-) 
     GLDAS1 ± 26 (-) ± 19 (-) ± 63 (-) ± 43 (-) ± 17 (-) 
     GLDAS1 (exc. CLM) ± 15 (-) ± 11 (-) ± 57 (-) ± 32 (-) ± 10 (-) 
     NLDAS2 ± 8 (-) ± 16 (-) ± 24 (-) ± 13 (-) ± 6 (-) 
SWEA      
     All ± 18 (-) ± 8 (-) ± 1 (-) ± 27 (-) ± 4 (-) 
     GLDAS1 & NLDAS2 ± 13 (-) ± 3 (-) ± 0.6 (-) ± 28 (-) ± 2 (-) 
     GLDAS1 ± 10 (-) ± 1 (-) ± 0.6 (-) ± 24 (-) ± 2 (-) 
     GLDAS1 (exc. CLM) ± 12 (-) ± 0.6 (-) ± 0.4 (-) ± 24 (-) ± 2 (-) 
     NLDAS2 ± 10 (-) ± 1 (-) ± 0.2 (-) ± 8 (-) ± 1 (-) 
GWA  

     All ± 34 (-) ± 35 (-) ± 56 (-) ± 54 (-) ± 20 (-) 
     GLDAS1 & NLDAS2 ± 25 (-) ± 21 (-) ± 57 (-) ± 49 (-) ± 14 (-) 
     GLDAS1 ± 26 (-) ± 19 (-) ± 63 (-) ± 39 (-) ± 17 (-) 
     GLDAS1 (exc. CLM) ± 19 (-) ± 11 (-) ± 56 (-) ± 36 (-) ± 11 (-) 
     NLDAS2 ± 12 (-) ± 15 (-) ± 24 (-) ± 14 (-) ± 6 (-) 
      

(c) GWA Trend Variability  

Ensembles Southwest Central East Northwest  
Monthly  

     All 0.29 (19%) 0.46 (25%) 1.4 (-) 1.5 (-) ± 0.24 (77%) 
     GLDAS1 & NLDAS2 0.33 (21%) 0.40 (21%) 1.6 (-) 1.5 (-) ± 0.26 (69%) 
     GLDAS1 0.37 (21%) 0.19 (9%) 1.9 (-) 1.1 (54%) ± 0.26 (48%) 
     GLDAS1 (exc. CLM) 0.29 (15%) 0.06 (3%) 2.0 (-) 1.1 (45%) ± 0.30 (51%) 
     NLDAS2 0.02 (2%) 0.33 (22%) 0.22 (33%) 0.07 (19%) ± 0.03 (15%) 
Total (2004 to 2010)  

     All 24 (19%) 39 (25%) 116 (-) 124 (-) ± 20 (77%) 
     GLDAS1 & NLDAS2 28 (21%) 34 (21%) 132 (-) 129 (-) ± 22 (69%) 
     GLDAS1 31 (21%) 16 (9%) 159 (-) 94 (54%) ± 22 (48%) 
     GLDAS1 (exc. CLM) 25 (15%) 5 (3%) 170 (-) 91 (45%) ± 25 (51%) 
     NLDAS2 2 (2%) 28 (22%) 18 (33%) 6 (19%) ± 2 (15%) 
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3.4 Conclusion 

This study compared 50 unique estimates of GWA trend over the CONUS from 2004 to 

2010 using 5 GRACE TWSA spherical harmonic and mascon solutions and 10 SW models, in 

order to better understand the implied uncertainty in trend analysis as well as the underlying 

causes. While variability from GRACE solutions does contribute to GWA uncertainty, it is 

eclipsed by the high levels of variability between SW models that predominantly control 

uncertainty in GWA trends. Uncertainty in GWA is likely more strongly influenced by 

differences in the meteorological forcings used to drive SW models rather than by differences in 

model structures and parameterizations, based on a simple comparison of two LDAS-driven 

LSMs and visual comparisons between all models. Differences in soil column depth within 

GLDAS1 LSMs also revealed how model design controls total SM contribution to GWA trend. 

The deeper along the soil column that models extend water storage changes, the greater the 

simulated SM trend, and therefore the greater the contribution to GRACE-derived GWA. 

Where the magnitudes of trends in GRACE TWSA are weak or negligible, SW models 

can introduce entirely new trends that are not present in GRACE data and are contradictory to 

other SW models. In these regions, such as the east and northwest CONUS, uncertainty is high, 

ranging from 45-54%, and commonly produces disagreement on trend direction. Where trends in 

GRACE TWSA are strong, such as the southwest and central CONUS, SW models alter the 

spatial extent of GWA trend and amplify or attenuate existing signals, but yield somewhat lower 

uncertainty ranging from 15-21%, values that exceed previous studies. The authors conclude that 

uncertainty in modeled soil moisture estimates is higher than previously assumed and 

significantly impacts analysis of groundwater trends from GRACE satellite data. Uncertainty in 

groundwater estimates is lower, though still significant, where the primary driver of trend is 

GRACE terrestrial water storage. If trends in modeled soil moisture, or less commonly, snow 

water equivalent, are greater in magnitude than GRACE trends, uncertainty is substantially 

higher and can introduce trends that are not supported by observed satellite data. Given the 

contradictory trends produced by various surface water models in areas of low-magnitude 

GRACE trends, the analysis presented here suggest that the uncertainty in estimates of 

groundwater trend in those regions is high enough that results are likely inconclusive without the 

presence of an extensive in-situ observational network. 
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CHAPTER 4 

CONTINENTAL-SCALE MAPPING OF HIGH-RESOLUTION EVAPOTRANSPIRATION 

USING MACHINE LEARNING 

Samuel Saxe1,2, William Farmer2, Gabriel Senay4, and Terri S. Hogue1,3 

Abstract 

Energy balance modeling from fine-resolution satellite imagery is quickly becoming the 

de facto standard for evapotranspiration (ET) measurements over large spatial extents, offering 

spatiotemporally continuous estimates as an alternative to sparse and discontinuous in-situ 

observations. While these remote sensing (RS) models offer novel and robust datasets for the 

scientific community, they are limited temporally by satellite data availability and spatially by 

gridded input parameter requirements. This study trained random forest and linear regression 

models to predict annual 30-m ET from the Operation Simplified Surface Energy Balance 

(SSEBop) model over 2 million km2 of the conterminous United States (CONUS) from 2010-

2017. To produce models capable of ET prediction outside the timeframe of satellite data 

availability, input features were restricted to common climate, landcover, and geophysical 

datasets that are independent from RS observations. The random forest model universally 

performed best, with average normalized root mean squared error of 19% over the CONUS. In 

the eastern US, random forest returned errors of 13% over all land cover classes and 10% over 

forested land, compared to errors in western sites of 28% over all land cover classes and 15% 

over forests. Errors in western sites were disproportionately impacted by extensive shrub 

vegetation and barren surfaces where the model struggled to accurately capture SSEBop ET. 

Input features of longitude, land cover, climate, latitude, elevation, topographic diversity, and 

surface soil bulk density were shown to be most heavily influence the random forest model. 

Improvement of random forest over linear regression is attributed to the ability to support non-

linear relationships between ET and longitude, precipitation, and elevation. The random forest 

model developed here allows for future use cases such as hindcasting and forecasting 30-m ET, 

evaluating the effects of land cover change on ET and basin hydrology at a variety of scales, and 

rapid fine-resolution ET approximation outside the CONUS. 

 
4 Earth Resources Observation and Science (EROS) Center, U.S. Geological Survey, Fort Collin, CO 80523 
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4.1 Introduction 

Evapotranspiration (ET) constitutes the largest outgoing water flux in terrestrial 

hydrology, accounting for approximately 70% of all precipitated water on average (Healy et al., 

2007). Changes in ET relate directly to changes in streamflow (Goulden & Bales, 2014; Kirchner 

& Allen, 2020), soil moisture (Anderson et al., 2011; Chanasyk et al., 2006; Jung et al., 2010), 

ground storage (Condon et al., 2020; Daniel, 1976; Yeh & Famiglietti, 2009), and other sub-

components within the hydrologic cycle. Despite this, in-situ observational datasets are 

heterogeneous and sparse due to the difficulty and expense required for installation and 

maintenance of eddy covariance flux towers. For example, within the collaborative Ameriflux 

network (ameriflux.lbl.gov, accessed 2/25/2021), there are just 110 active experimental sites 

available over the conterminous United States (CONUS). 

Robust measurements of ET are needed to monitor and predict changes in available 

water, ecological health, agricultural trends, and climate change. Common alternatives to sparse 

in-situ observational networks are process-based hydrologic models and remote sensing (RS) 

models, each with their own advantages and disadvantages. Hydrologic models, such as rainfall-

runoff, land surface, and water balance models estimate ET as part of multi-process hydrologic 

system modeling. Hydrologic and land surface models are capable of prediction under both 

retrospective and future climate conditions and allow for analysis of inter-process interactions 

over space and time. However, they are typically coarse resolution (1 - 32 km2) and can be 

difficult to operate due to the complexities of model parameterization and calibration. 

Models such as the operational Simplified Surface Energy Balance (SSEBop) (Senay, 

2018; Senay et al., 2007), the Atmosphere-Land Exchange Inverse (ALEXI) (Anderson et al., 

2007), and Mapping Evapotranspiration with Internalized Calibration (METRIC) (Allen et al., 

2007), among others (K. Zhang et al., 2016), estimate ET from remote sensing (RS) satellite 

radiation observations to estimate ET directly. RS models provide moderate to fine resolution, 

spatiotemporally homogeneous estimates of ET, though they can be limited in utility by the 

availability of satellite data, often large computational overhead required at fine resolution, and 

sometimes difficult to transfer to new regions due to parameterization requirements. 

Historically, the computational expense required to model ET from RS observations has 

limited the research studies to either moderate resolution (500-1000 m) datasets over continental 



66 

 

scales (Running et al., 2017) or fine resolution (10-30 m) at limited spatial extents (Anderson et 

al., 2011; Knipper et al., 2019). Increased access and availability of cloud systems to acquire and 

process remote sensing data, primarily through the Google Earth Engine (GEE) (Gorelick et al., 

2017), has spurred a leap forward in the use of petabyte-scale fine resolution imagery at the 

continental and global extent over the past decade. For example, the collaborative OpenET 

project (Morton et al., 2021) leverages GEE for the development and operationalizing of 

numerous ET models across the CONUS, including SSEBop, ALEXI/DisALEXI, and METRIC. 

Despite the temporally unrestricted output available from hydrologic models and the fine 

spatial resolution available from RS models, there are still significant gaps in the data record of 

modeled ET. Retrospective estimates from hydrologic models lack the resolution necessary for 

studying sub-basin heterogeneity and applying RS models beyond the extent of existing 

parameter datasets is a time-consuming undertaking, as well as being limited by the availability 

of satellite measurements. Machine learning (ML) offers a solution to fill modeled ET data gaps. 

In a way, the lack of existing research applying ML to fine resolution ET mapping is 

surprising. A wide spectrum of ML methods have been applied to many areas within hydrology, 

including streamflow (Rasouli et al., 2012; Worland et al., 2018), soil moisture (Ahmad et al., 

2010; Ali et al., 2015), and groundwater (Naghibi & Pourghasemi, 2015; Sahoo et al., 2017). 

Deep learning methods such as neural networks have been applied to basin-scale hydrologic 

modeling for decades, leading to both improvement over hydrologic models (Abramowitz, 2005; 

Kratzert et al., 2019) as well as some controversy within the scientific community (Nearing et 

al., 2020). 

 Specific to ET, ML has been used for flux tower spatial interpolation (Júnior et al., 2019; 

Xu et al., 2018) and site-wise modeling (Y. Feng et al., 2017). Using RS data, various ML 

methods have been applied and compared in their ability to downscale existing moderate 

resolution ET models (Ke et al., 2016) as well as directly model ET from satellite measurements 

(C. Carter & Liang, 2019). Across most studies, the random forest method has been shown to 

outperform other methods (C. Carter & Liang, 2019; Ke et al., 2016; Xu et al., 2018). But given 

the importance of ET within the hydrologic cycle and the more common use of ML within other 

sub-disciplines in hydrology, ML modeling of ET is relatively underutilized. Further, existing 

ML applications at the continental extent are driven with RS observations, and while they can 
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increase the spatial transferability of RS ET, they are still limited to the temporal extent of 

satellite measurements and are being rendered obsolete by physically constrained models and 

products developed as part of the OpenET project. 

In the current study, we train linear and random forest regression ML models to estimate 

annual 30-meter SSEBop ET over large portions of the CONUS. Rather than relying on remotely 

sensed radiation measurements typically used as parameters for RS models, we utilize common 

and easily accessible climate, vegetation, and geophysical datasets as model input features. The 

objective of using non-RS measurements is to produce a model capable of hindcasting and 

forecasting ET estimates beyond the scope of satellite observations without sacrificing 

resolution. Such a model could be used to supplement existing RS models by gap-filling missing 

data and correct for atmospheric effects, produce fine-resolution retrospective ET estimates, 

forecast ET changes under future climate scenarios, evaluate the effects of land cover change on 

basin hydrology, and quickly provide preliminary ex-CONUS ET estimates without the need for 

pre-computed model parameters. The focus of this research can provide further support for the 

development of ML models for estimating components of terrestrial hydrology over large spatial 

extents. 

4.2 Materials and Methods 

4.2.1 Study Area 

Study sites were selected over the conterminous United States (CONUS) with the goal of 

including one or more watersheds hosting streamgage monitors from the U.S. Geological Survey 

(USGS) and encompassing a spectrum of vegetation classes. Watershed delineations were 

obtained through the GAGES-II database (Falcone, 2011), land cover (LC) vegetation 

information from the National Land Cover Database 2016 (NLCD 2016) (Homer et al., 2020; Jin 

et al., 2019; L. Yang et al., 2018), and streamflow data from the USGS National Water 

Information System (NWIS) (U.S. Geological Survey, 2018).  25 sites were selected over the 

CONUS (Fig. 4.1) covering a total of 2 million km2, 300 USGS-monitored basins, and all 

NLCD2016 vegetation classes.
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Figure 4.1. Map identifying the 25 study regions, covering approximately 2 million km2, used for SSEBop, linear regression, and random 
forest modeling of fine-resolution ET. Sites are numbered for easier identification in later figures. Watersheds used to compare SSEBop 
ET against water balance ET are shown in red.
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4.2.2 SSEBop Evapotranspiration 

Actual ET was calculated annually for 8 water years (2010 to 2017) at 30-meter 

resolution from the Landsat Collection 1 Level-2 Provisional Surface Temperature dataset (PST) 

(Cook et al., 2014) using the Operational Simplified Surface Energy Balance (SSEBop) model 

(Senay, 2018; Senay et al., 2007, 2011). Auxiliary data used in the model include Daymet 

(Thornton et al., 2020) air temperature and GridMET (Abatzoglou, 2013) reference ET. Actual 

ET is calculated by applying a thermal index approach to combine PST ET fractions with 

reference ET, using pre-defined and seasonally dynamic boundary conditions unique to each 

pixel for “hot/dry” and “cold/wet” reference points (Bastiaanssen et al., 1998; Senay, 2018). 

The model is implemented here using the beta ‘openet-ssebop’ Python module 

(github.com/openet, accessed 08/2020), developed as part of the collaborative OpenET project. 

Data processing is performed on the GEE platform through the Python ‘ee’ client library 

(github.com/google/earthengine-api, accessed 08/2020) to leverage petabytes of imagery through 

on-the-fly cloud computing. Developed ET datasets are available through an associated data 

release on the U.S. Geological Survey ScienceBase (Saxe et al., 2021). 

4.2.3 SSEBop vs. WBET 

Annual SSEBop ET measurements are compared to water balance ET (WBET) depth in 

millimeters (mm) at 300 basins over the CONUS (Fig. 4.1). Water balance ET is derived from 

the simple mass-conservation equation: 

 𝑊𝐵𝐸𝑇 =  𝑃 − 𝑅, (4.1) 

where P and R are annual precipitation and runoff, respectively, in mm. Runoff is calculated 

from total annual NWIS streamflow at the basin outlet and disaggregated to an annual R depth 

using basin area. Precipitation is extracted from gridded monthly Daymet (Thornton et al., 2018) 

estimates using mean area weighting to get annual P depth. WBET, therefore, is the remainder 

between P input and R output, assumed here to return to the atmosphere via ET. 
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4.2.4 Machine Learning Models 

Two machine learning models were trained to predict annual 30m SSEBop ET following: 

 𝒚𝒍𝐫 = 𝑓(𝑿), (4.2) 

 𝒚𝐫𝐟 = 𝑓(𝑿), (4.3) 

where ylr and yrf denote the predicted target response ET from linear ordinary least squares 

(OLS) regression and random forest regression models, respectively, derived as functions of 

input feature variables X (i.e. covariates). The linear regression model was trained in the R 

programming language (R Core Team, 2020) using the complete training dataset discussed 

below (Section 4.2.5). Prediction over study sites was implemented in GEE by transferring 

trained model coefficients (β) from R. 

The random forest regression model was trained in both R and GEE, and later 

implemented in GEE for prediction. Random forest (Breiman, 2001) is an ensemble method that 

builds many classification and regression trees (CARTs) through bagging and feature 

randomness, creating predictions from the ensemble value of each tree. The ensemble prediction 

value is determined as either the majority vote, in the case of classification trees, or the average 

of continuous values, in the case of regression trees. Individually, CARTs tend towards low bias 

but high variance. That is, they have high model skill but tree structure is sensitive to the subset 

of training features and is therefore limited in transferability. Random forests improve on 

individual CARTs by reducing variance through the ensemble approach, yielding a model that 

maintains low bias while reducing variance. 

Each method has benefits and drawbacks. Linear regression is simple, highly 

interpretable, and has minimal computational overhead. Random forest models allow non-linear 

relationships, have low bias and variance, and are easier and more computationally efficient to 

build than other choices such as neural networks. However, linear regression assumes a linear 

relationship between explanatory and dependent variables during both training and prediction, 

which can be insufficient in modeling ET due to non-linear relationships with climate (Fig. 4.2a-

c). A simple linear regression equation using only P, Tmax, and Tmin fails to predict ET (Fig. 

4.2d), R2-adjusted = 0.12, because of (a) incomplete information and (b) inability to capture non-

linear relationships. This study attempts to reduce the uncertainty caused by the former by 

training a more robust linear regression model. Random forest models have lower interpretability 
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because they are derived as the ensemble consensus across numerous trees and so relationships 

defined within individual trees are meaningless. Further, underlying trees are built by binning 

input parameters and therefore neither individual trees nor the ensemble forest can extrapolate 

beyond the range of training data, limiting utility under conditions trending beyond the scope of 

input measurements. 

 

Figure 4.2. Comparison of mean annual SSEBop ET to mean annual precipitation (P), daily max 
temperature (Tmax), and daily min temperature (Tmin). 

 

Prior to implementation in GEE, random forest hyperparameters of mtry (number of 

variables randomly selected at each node split), ntree (number of regression trees to train within 

the forest), and nodesize (minimum population of terminal nodes) were tuned in R using the 

‘randomForest’ (Liaw & Wiener, 2002) and ‘caret’ (Kuhn, 2020) packages. The GEE 

implements the random forest model through the ‘Smile’ (Li, 2014) Java library. The GEE 

default bagfraction value of 0.5 was replaced with 0.632 drawn from Breiman (2001), used as 
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default in the R ‘randomForest’ package. Optimal mtry and nodesize values of 3 and 10, 

respectively, were generated through iterative testing. The nodesize value is in agreement with 

the conclusions of Segal (2004) who showed that in continuous (regression) random forest 

modeling, model performance improved by increasing the population of terminal nodes. 

Model skill was found to be more sensitive to training sample and parameter sizes than to 

ntree. Increasing the number of regression trees from 50 to 100, for example, reduced errors by 

only 2.8%, while increasing sample and parameter counts reduced mean error by more than 20%. 

Due to computational restriction on GEE user accounts, the random forest model was trained 

using 50 trees and 300,000 training samples to limit overhead. 

4.2.5 Input Features 

Models were trained to predict the target response 30m SSEBop evapotranspiration 

following a “kitchen sink” approach that incorporated a wide range of inputs to identify the most 

important features. Here we use 3-4 time-variant features and 22 static features listed and 

referenced in Table 4.1. In both models, total annual precipitation (P), annual mean maximum 

daily temperature (Tmax), and annual mean minimum daily temperature (Tmin) were used as 

time-varying features, extracted from daily 1 km Daymet (Thornton et al., 2018). Annual mean 

temperature difference (Tdif), calculated as the difference of Tmin from Tmax, was used within 

the random forest model and excluded from the linear regression model. Annual values were 

derived from Daymet by summing (P) or averaging (Tmax, Tmin, Tdif) daily values to annual 

for each of the 8 water years 2010-2017. 

Topographic parameters of elevation, slope, and aspect were extracted or calculated from 

the Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM). Aspect was 

decomposed into measures of northness (NN) and eastness (EN) calculated as the cosine and 

sine, respectively, of aspect radians. Soil bulk density (SBD) and soil water capacity (SWC) 

were obtained from the OpenLandMap datasets to inform soil composition at depths of 0, 10, 30, 

60, 100 and 200 cm. Topographic diversity (TopoDiv), the Continuous Heat-Insolation Index 

(CHILI), and Multi-Scale Topographic Position Index (mTPI) were provided through the 

Ecologically Relevant Geomorphology (ERGo) dataset derived from the Advanced Land 

Observing Satellite (ALOS) 30 meter DEM. Land cover (LC) was provided as a discrete 
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(categorical) feature using 16 NLCD 2016 classes. For the linear regression model, the LC 

feature was transformed into 16 binary variables using one-hot encoding. 

 
Table 4.1. Datasets used as features in linear regression and random forest (non-linear) regression 
models. Features are grouped using the labels “time-variant”, to denote those that change between 
years, and “static”, to denote those that are assumed to be constant over time. Dataset sources are 
provided in table footnotes 

 

Features Abbr. Dataset [ref] Res. (m) 
Time-variant    
 Precipitation - annual total [mm] P Daymet [1] 1000 
 Temperature - annual mean daily max [°C] Tmax Daymet [1] 1000 
 Temperature - annual mean daily min [°C] Tmin Daymet [1] 1000 
 Temperature - annual mean daily difference [°C]† Tdif Daymet [1] 1000 
Static    
 Land cover - [discrete] LC NLCD 2016 [2] 30 
 Elevation - [m] * E SRTM [3] 30 
 Slope - as percent of 90° [%] S SRTM [3] 30 
 Northness - [°] NN SRTM [3] 30 
 Eastness - [°] EN SRTM [3] 30 
 Latitude - [°] Lat GEE [4] 30 
 Longitude - [°] Lon GEE [4] 30 
 Soil Bulk Density [kg/m

3] SBDdepth OpenLandMap [5] 250 
      at 0, 10, 30, 60, 100, and 200 cm depth    
 Soil Water Capacity [%] SWCdepth OpenLandMap [6] 250 
      at 0, 10, 30, 60, 100, and 200 cm depth    
 Topographic Diversity [-] TopoDiv ALOS [7] 30 
 Continuous Heat-InsoLation Index [-] CHILI ALOS [7] 30 
 Multi-Scale Topographic Position Index [m] mTPI ALOS [7] 30 
†Random forest (non-linear) model only 
[1] (Thornton et al., 2018); [2] (Jin et al., 2019); [3] (Farr et al., 2007); [4] (Gorelick et al., 2017) 
[5] (Hengl, 2018); [6] (Hengl & Gupta, 2019); [7] (Theobald et al., 2015); 

 
 

4.2.6 Training Data 

Target (SSEBop ET) and input features were randomly sampled across the study regions 

by year (n = 65,000) to compile a 520,000-point training dataset, representing about 0.002% of 

SSEBop pixels generated in this study. The random forest model was trained using a random 

subset of 300,000 points from the complete training dataset for reasons discussed in Section 

4.2.4. Future statistical modeling of ET at the spatial resolution and extent used in this study 
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would be improved by performing model training in a separate cloud environment to utilize 

larger training datasets. 

The LC feature was assumed to be static over the 2010-2017 period for two reasons, with 

the understanding that this is not always correct at the 30m resolution used in this study. First, 

NLCD data is not continuous but is instead available just for years 2011, 2013, and 2016 in the 

2010-2017 study time period. Second, applying the trained model in an area of known land cover 

change (LCC) can serve as a measure of model validity. For example, assume a site with real-

world vegetation loss with two possible model responses, shown in Fig. 4.3, when LC data 

supplied to the model is constant: (1) No significant change in ET, and (2) significant change in 

ET that tracks target observations. Response 1 is the expected result, where the model does not 

change the rate of ET because input LC is unchanging. Response 2, however, would identify a 

fundamental error in the model, in that LC is not a significant control over predicted ET. To 

ensure that the ML models were trained on pixel data with constant LC, pixels with LCC were 

omitted during sampling of the training data. Pixels were categorized as having LCC if there was 

any change in LC classification between the 2011, 2013, or 2016 NLCD products (Jin et al., 

2019). 

 

Figure 4.3. Example model responses under land cover change scenarios using dummy data. 

 

4.2.7 Model Validation Against SSEBop 

Predicted ET (ETf) from statistical models was validated against SSEBop ET (ET0) 

across study sites and LC classes. Metrics used for validation were mean error (ME), mean 

absolute error (MAE), root mean squared error (RMSE), normalized RMSE (nRMSE), standard 
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deviation of residuals (σε), and Spearman’s rho (ρ) correlation (Spearman, 1904), each calculated 

pixel-wise over years 2010 to 2017 as shown in Equations 4.4-4.9: 

 𝜀 =  ∑ 𝐸𝑇𝑓,𝑖 − 𝐸𝑇𝑓,0𝑁𝑖=1 , (4.4) 

 𝑀𝐸 = 1𝑁 𝜀𝑊𝐵𝐸𝑇 =  𝑃 − 𝑅, (4.5) 

 𝑀𝐴𝐸 = 1𝑁 ∑ |𝜀𝑖|𝑁𝑖=1 , (4.6) 

 𝑅𝑀𝑆𝐸 =  √1𝑁 ∑ (𝐸𝑇𝑓,𝑖 − 𝐸𝑇𝑓,0)2𝑁𝑖=1 , (4.7) 

 𝑛𝑅𝑀𝑆𝐸 = 𝑁𝐸𝑇0 𝑅𝑀𝑆𝐸 𝑥 100%, (4.8) 

 𝜎𝜀 =  √1𝑁 ∑ ((𝐸𝑇𝑓,𝑖 − 𝐸𝑇𝑓,0) −  𝑀𝐸)2𝑁𝑖=1 , (4.9) 

where ε is the summed residuals, i is water years 2010 to 2017, and N is sample size (8). Error 

metrics applied pixel-wise were summarized by study site and LC class by median. The same 

metrics were also applied across pixels to summarize error metrics by site and LC class subsets, 

where i is pixel and N is the number of pixels in the subset. 

4.2.8 Feature Importance and Influence 

The importance of individual input features for random forest and linear regression 

models was measured using the Gini Importance index (Breiman et al., 1984) and normalized β, 

respectively. Gini Importance, included with ‘randomForest’, calculates importance as the sum 

over the number of splits for all trees including the feature, averaged over all ensemble trees. 

Although Gini importance is biased towards variables with many potential split points, the 

common alternative method of Permutation Importance is itself biased towards correlated 

features and thus less desirable for the “kitchen sink” model presented here (Nembrini et al., 

2018; Strobl et al., 2007). Linear regression normalized β are calculated from the quotient of βi 

over μi, where μi is the mean of feature i over the complete training dataset. 

Non-linear relationships between individual features and random forest model predictions 

were evaluated using the model-agnostic, one-way Accumulated Local Effects (ALE) method 

developed by Apley & Zhu (2019) to interpret black-box ML models, implemented through the 

accompanying ‘ALEPlot’ R package (D. Apley, 2018). Much like the popular one-way partial 

dependence (PD) method (Friedman, 2001), ALE are used to visualize interactions between 

target response (e.g. ET), and individual input features (e.g. P, Tmax, etc.). The ALE and PD 
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methods operate in a similar fashion by reducing the complex prediction function (e.g. random 

forest model) dependent on numerous input features to a simpler function dependent on a single 

input feature. Reduction is performed by averaging the remaining features following either a 

marginal distribution in PD or a conditional distribution in ALE (D. W. Apley & Zhu, 2019). 

Although ALE produce less final information than PD due to the lack of individual conditional 

expectation curves that typically accompany PD calculations, they are the preferred method 

when features are highly correlated such as in the case of the “kitchen sink” model developed 

here (Molnar, 2019). ALE require categorical features to be ordered in some way, but because 

vegetation classes are not rankable, the LC feature is excluded from the one-way ALE results. 

4.3 Results and Discussion 

4.3.1 SSEBop and WBET Comparison 

SSEBop ET correlates well with WBET (ρ = 0.81) over the 292 study basins (Fig. 4.4a, 

Table 4.2), with greatest differences occurring in basins of exceptionally low or high annual 

WBET. SSEBop is positively biased relative to WBET with 90% of basins showing annual 

SSEBop ET greater than WBET and a median bias of +135 mm (+18.2%). The largest positive 

biases are clustered disproportionately in regions where WBET is exceptionally low (< 250 

mm/year), though these divergences are due primarily to inaccuracies in the WBET approach, 

justified by regional ET measurements in earlier studies (Liu et al., 2013). 
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Table 4.2. Summary statistics comparing mean annual SSEBop ET to WBET from 2010-2017 
over 292 watersheds. Metrics shown are Spearman’s rho correlation (ρ) and summaries calculated 
from the difference (∆0) and percent difference (Ω0) of SSEBop-WBET by basin. Summarized 
values are median differences (∆m, Ωm) and the percentages of basins greater than or equal to 
threshold values X (Δ0,Ω0 >X). 

 

 Summaries 

ρ 0.81* 
SSEBop - WBET [Δ0, mm]  
 Δm

† 134.7 mm 
 % basins ∆0 > 0 90.4% 
(SSEBop - WBET)/WBET [Ω0, %]  
 Ωm

 † 18.7% 
 % basins Ω0 > 25% 37.7% 
 % basins Ω0 > 100% 8.9% 
 % basins Ω0 < -25% 1.0% 
 % basins Ω0 < -100% 0% 
* Statistically significant (p < 0.05) 
† Calculated as median of ∆0 

 
 

These WBET estimates, falling as low as -306 mm/year, are clustered in the Pacific 

Northwest (sites #22-25) where annual precipitation (Fig. 4.4c) and runoff (Fig. 4.4d) is very 

high. In these cases, errors in WBET may be attributable to either (1) underestimation of P by 

gridded estimates, (2) overestimation of R derived from streamflow measurements, or (3) 

discounted outgoing basin fluxes such as change in soil moisture or groundwater storage that 

contribute to streamflow. 

General positive biases in basins where WBET > 250 mm/year are attributable to either 

(1) overestimation of ET by the SSEBop model or (2) underestimation of WBET. ET 

overestimation by SSEBop can occur over high albedo and high ground heat flux surfaces such 

as barren land or soil (McShane et al., 2017), potentially driving basin-averaged values higher. 

Additionally, increased uncertainty in precipitation estimates over complex topography (Derin & 

Yilmaz, 2014; Guirguis & Avissar, 2008) may negatively bias water balance analyses (Saxe, 

Farmer, Driscoll, et al., 2021). 
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Figure 4.4. Comparison of mean annual SSEBop ET to water balance ET (WBET) across 300 
basins, as well as comparisons of percent difference against WBET, precipitation (P), and runoff 
(R). The adjusted R2 of the linear relationship between SSEBop ET and WBET is provided in 
subplot (a) using all basins and excluding outliers. Outliers are labeled in subplot (a) by numbers 
defined in Figure 1. The labels are defined as: 21 – CA (Sierras & Central Valley); 22 – WA 
(Cascades); 23 – OR; 24 – CA (north); 25 – WA (Olympic). 
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4.3.2 Machine Learning 

4.3.2.1 Validation Statistics 

To facilitate model validation discussion, sites are subdivided into eastern (#1-7), central 

(#8-14), and western (#15-25) groups, as numbered in Figure 4.1. The linear regression and 

random forest regression models produce median nRMSE of 26.7% and 19.3%, respectively, 

over the complete study region (Table 4.3). Model error is disproportionately weighted toward 

western sites, where linear regression and random forest median nRMSE is 37.6% and 27.5%, 

respectively, across all vegetation classes (Fig. 4.5a). Model performance is highest over forested 

LC, where random forest median nRMSE is 12.9%. Model error decreases in more 

topographically simple and humid eastern and central sites, with median linear and random forest 

model errors of 16.9% and 13.3%, respectively. These summary error metrics agree with earlier 

studies that found the greatest performance of ET ML models over densely vegetated areas and 

poorest performance in sparsely vegetated regions with high bare land occurrences (C. Carter & 

Liang, 2019; McShane et al., 2017; Xu et al., 2018). 

 
Table 4.3. Normalized root mean squared error (nRMSE) of linear regression and random forest 
models by site against SSEBop ET. Values are provided for (i) all land cover classes and (ii) forest 
land cover classes, noted in parentheses as i (ii). 

 

 
Linear Regression 

nRMSE [%] 
Random Forest 

nRMSE [%] RF-LR 

Site Groups    

     Eastern (#1-7) 16.9 (12.9) 13.3 (  9.7) -3.6 (-3.2) 
     Central (#8-14) 25.7 (19.3) 17.7 (14.3) -8.0 (-5.0) 
     Western (#15-25) 37.6 (21.2) 27.5 (15.0) -10.1 (-6.1) 
All 26.7 (17.8) 19.3 (12.9) -7.4 (-4.8) 

 
 

Over the CONUS, random forest regression represents a nRMSE decrease of 7.4 

percentage points over linear regression. This is more strongly pronounced in western sites 

where median random forest error is 10 points lower than the equivalent linear model. 

Summarized over all LC classes, both models fail to produce nRMSE under 20% in western sites 

(Fig. 5b). However, the random forest model performs well in forested LC, producing median 
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nRMSE under 20% in 23 out of 25 study sites. The two sites in which model error exceeds 20% 

are #20 CA (south) and #17 AZ, in which forest LC constitutes only 7% and 25% of the study 

regions, respectively. 

Comparing random forest performance by lumped LC highlights model deficiencies over 

specific vegetation types (Fig. 4.5c). In forested lands, random forest modeling predicts annual 

ET with errors of 10-20% in western sites and under 10% in eastern sites. Over shrub and 

grassland vegetation, however, errors often exceed 20%. In highly arid #16-21 sites, these LC 

classes account for up to 60% of the total study region. Poor results in western sites are 

disproportionately affected by model performance over these more sparsely vegetation land 

cover classes. Performance in shrub and grassland is especially poor in the #20 CA (south), #21 

CA (Sierras & Central Valley), #18 UT, and #17 AZ sites with median nRMSE exceeding 30%.
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Figure 4.5. Figure (a) compares median normalized root mean squared error (nRMSE) between linear regression and random forest 
models against the 30-meter Landsat SSEBop validation dataset across 25 study regions, for all NLCD 2016 vegetation classes. Model 
error for each site’s top three land cover (LC) classes is noted with a solid black bar, and with a white dot for forest LC. Figure (b) shows 
simplified binary groupings of whether model error is less than 20% (grey) or greater than 20% (red) for: (i) all LC classes, (ii) top three 
LC classes per site, and (iii) forest LC. Forest LC percentages per site are noted along the righthand side. Horizontal green bars delineate 
the eastern (#1-7), central (#8-14), and western (#15-25) site groups discussed in the text. 
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4.3.2.2 Maps 

Example results of modeled 30-m ET are provided at two representative sites for both 

linear regression and random forest models (Fig. 4.6). Maps of the remaining sites can be found 

within the data release produced in conjunction with this study (Saxe, Farmer, Senay, et al., 

2021).  Over the #1 New England region (Fig. 4.6a-d), ET predictions from both models follow 

the general trends of the target SSEBop data. However, the linear regression model fails to 

capture areas of spatial variability, tending to overestimate ET in the higher elevation 

mountainous regions and along the coastal plains. Both models, though, lack the spatial 

heterogeneity found in SSEBop ET over developed LC classes in the Boston, 

Springfield/Hartford, and Providence locations. 

The #21 California (Sierra Nevadas & Central Valley) site provides a more holistic 

comparison of the model skill across heterogeneous vegetation, topography, and climate 

conditions (Fig. 6e-h). East of the Sierra Nevada mountains where LC transitions from evergreen 

forest into arid shrub/scrub, both models largely overestimate ET. To the southwest of the 

Central Valley, linear regression massively overpredicts ET while random forest estimates are 

much more closely aligned with the target SSEBop ET. Both models fail to capture annual ET 

rates over cropland in the Central Valley, where irrigation is a primary source of vegetation and 

soil water. The random forest model accurately replicates ET over grassland LC just west of the 

Sierra Nevadas as the Central Valley transitions up into the foothills. Conversely, the linear 

regression model significantly overpredicts ET in the same regions.
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Figure 4.6. Maps of random forest and linear regression annual ET predictions compared against SSEBop ET over the #1 
VT/NH/MA/CT/RI (top row) and #21 CA (Sierra Nevadas & Central Valley) regions, averaged over the 2010-2017 study period. Land 
cover classifications from NLCD2016 and reference points are shown in subplots (a) and (e) on the left side of each row. 
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Mapping pixel-wise errors of the random forest model over the CA (Sierras & Central 

Valley) site better highlights the spatial distribution of model performance (Fig. 4.7). In most of 

the non-forest LC areas, random forest model meets or exceeds a nRMSE error of 50% 

compared to forest LC where error is typically under 20% (Fig. 4.7d). Bands of forest stand out 

from shrub LC in the desert east of the Sierra Nevada mountains, highlighted by lower (purple) 

nRMSE than the surround high-error (yellow) shrub or barren LC. Standard deviation in annual 

residuals (σε) denotes areas where model error is constant (green) or variable (yellow) over the 

2010-2017 period (Fig. 4.7f). Future studies can apply constant bias correction factors to reduce 

uncertainty in annual ET estimates when σε is low. 

High σε are attributable to three causes. First, input features did not include water use 

data and therefore the model is unable to accurately predict ET rates over the Central Valley 

where irrigation is a significant component of the water budget. Second, the NLCD2016 dataset 

incorrectly identifies 30-m pixels as open water in the Owens Valley south of Bishop, CA and 

east of Lone Pine, CA due to seasonal or annual fluctuations in managed lakes, rivers and 

reservoirs as identified in monthly Landsat satellite imagery. Third, this study used constant LC 

values over the 2010-2017 period, training the model on data randomly sampled after excluding 

all pixels with LCC. In Fig. 4.7f, delineations of 2010-2017 wildfires from the Monitoring 

Trends in Burn Severity (MTBS) dataset (Eidenshink et al., 2007) are mapped over the site (red). 

Where LCC occurred due to wildfire, the random forest model predicts based on incorrect LC 

information and returns estimates with high σε when validated against the SSEBop model. 
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Figure 4.7. Maps in the top row show (a) landcover, (b) SSEBop mean annual ET, and (c) random 
forest modeled mean annual ET from the 2010-2017 time period. Maps in the bottom rows show 
random forest model pixel-wise error statistics of (d) normalized root mean squared error 
(nRMSE), (e) mean absolute error (MAE), and (f) standard deviation of residuals (σε). Color scales 
for nRMSE and MAE are capped at 50% and 500 mm, respectively.  
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4.3.2.3 Feature Importance and Model Interpretation 

Random forest and linear regression models assign importance to input features very 

differently from each other (Fig. 4.8). Individual CARTs within the random forest model are 

most improved using features of longitude, LC, P, Tmax, and latitude (Fig. 4.8a). Measures of 

soil water capacity (SWC) and soil bulk density (SBD) typically do not contribute significantly 

to model purity, with the exception of surface SBD (SBD 0cm). Conversely, normalized β from 

the linear regression model assign greater importance to SWC and SBD than most other non-LC 

features (Fig. 4.8b). P and Tmax rank just 14 and 15, respectively, out of 24 non-LC features in 

terms of importance. LC features, encoded as binary one-hot variables during training, are 

typically the strongest controls over ET predictions in linear regression modeling (Fig. 4.8c). 

ALE plots are used to visualize the non-linear relationships between input features and 

normalized target response ET within the random forest model (Fig. 4.9). The variability of 

feature sensitivity (Fig. 4.9a), quantified as the ALE curve σ for each feature, produces a similar 

distribution of feature importance as the Gini Importance index (Fig. 4.8a). The top nine most 

sensitive features match those identified via Gini, although ordered differently to relatively 

underweight P, identifying longitude, latitude, Tmax, elevation, and precipitation as the features 

to which the random forest model is most sensitive. 

Overlain plots of bias corrected linear regression ALE plots emphasize the influence of 

non-linear relationships in random forest modeling (Fig. 4.9b-j). Longitude, elevation, and 

precipitation (Fig. 4.9b,e,f) deviate most notable from a linear relationship with target ET, 

varying substantially over the conditional distribution used in the ALE calculations. For 

example, longitude results show modeled ET increasing rapidly from west to east until the 90°W 

parallel where it trends flat until the eastern edge of the study domain. Modeled ET increases 

sharply as P increases from minimal annual rates up to 1000 mm/year, beyond which further 

increases to P yield slightly lower annual ET. Conversely, latitude, Tmax, SBD 0cm, TopoDiv, 

northness, and eastness (Fig. 4.9c,d,g-j) vary to a much lesser extent, demonstrating 

approximately linear relationships with ET. Results from ALE explain much of the random 

forest improvement over linear regression, despite being trained on a smaller dataset. Without 

non-linear capabilities, linear models are too inflexible to be adapted for modeling of ET at fine 

resolution over large spatial extents.   
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Figure 4.8. Feature (predictor) importance measures derived for random forest (a) and linear 
regression (b-c) models using Gini Importance and normalized coefficients (β), respectively. 
Because linear regression requires the use of one-hot encoding for categorical variables, the 
normalized β for discrete landcover features are separated into (c) for the linear regression model. 
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Figure 4.9. Visualizing feature (predictor) control over random forest model predictions using 
centered Accumulated Local Effects (ALE). Subplot (7a) summarizes the implied variability, 
calculated as the ALE standard deviation (σ), for each feature. Subplots (7b-j) highlight the random 
forest ALE distributions (green) for 9 features with the greatest variability. For comparison, linear 
regression ALE distributions (red) are included as well, adjusted with a constant bias for display 
purposes. ALE plot ET output is centered (normalized) for each feature to facilitate 
intercomparison. 

 

4.4 Implications 

The random forest model developed in this study can serve as a tool for rapid ET 

approximation at fine resolution over forested areas but is hindered over arid and semi-arid 

regions of heterogeneous vegetation by higher error. Model residuals are typically low variance, 

suggesting that a constant pixel-wise bias correction factor derived from mean error can reduce 

residuals while maintaining low variance without the need for additional modeling. Given these 

results, though, the random forest model presented here likely requires further refinement before 
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it can be used as a predictive model at scale. However, overall model performance was better 

than expected considering the relative simplicity of the input features and demonstrates the 

strength of random forest for ET prediction over the CONUS.   

Model skill could likely be improved by increasing training sample size. Computational 

limits set on GEE accounts restricted training sample size in this study to just 0.002% of 

available data points. During training, increasing the sample size and number of input features 

improved model performance by approximately an order of magnitude compared to increasing 

the number of trees within the random forest model. Conducting model training in an 

unrestricted cloud environment outside the GEE platform could yield dramatic reductions in 

model errors. Additionally, random forest models are incapable of extrapolation and so can be 

limited in application under significantly changing climate conditions. Increasing training sample 

size would widen the range of potential conditions the model is able to capture. Constant pixel-

wise bias-correction factors could reduce errors, especially in much of the western CONUS, but 

would require longer study periods than the 2010-2017 focus of this study to evaluate 

effectiveness. 

This study used 30-m NLCD2016 land cover information that is limited in scope to the 

CONUS. To apply the trained model at the global scale would require using lower resolution 

global land cover datasets, such as the 500-m MODIS Land Cover Type data product (Friedl & 

Sulla-Menashe, 2019), that could be supplemented with averaged historic vegetation indices 

from 30-m Landsat, such as the normalized difference vegetation index (NDVI) or enhanced 

vegetation index (EVI). Additional uses cases for quick statistically modeled ET would be 

evaluating the effects of land cover change on basin hydrology, such as after wildfire (Collar et 

al., 2021; Poon & Kinoshita, 2018) or large-scale gradual forest disturbance (Penn et al., 2016; 

Slinski et al., 2016), gap-filling RS models in low-information regions, such as those affected by 

cloud cover (Irish, 2000), or attenuating climate conditions to assess the impact of warming or 

cooling scenarios on ET over large extents.  
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4.5 Conclusion 

This research trained machine learning regression models to predict annual 30-m 

SSEBop ET over 2 million km2 of the CONUS using easily accessible climate, landcover, and 

geophysical datasets. Data from remote sensing observations was excluded in order to develop 

models that are not constrained by the temporal extent of satellite data availability. 

The random forest model outperformed the linear regression model across all sites. On 

average over the CONUS, random forest normalized root mean squared error was 19% across all 

land cover classes and 13% over forested lands, representing improvements over linear 

regression modeling of 7 and 5 percentage points, respectively. Models performed best over 

homogeneous forest land cover and worst in arid and semi-arid regions with heterogeneous shrub 

vegetation. In the eastern US, random forest regression returned errors of 13% over all land 

cover classes and 10% over forests, compared to errors in western sites of 28% over all land 

cover classes and 15% over forests. Errors in western sites were disproportionately impacted by 

extensive shrub vegetation and barren surfaces. Gini Importance measures identified longitude, 

land cover, climate, latitude, elevation, topographic diversity, and surface soil bulk density as the 

most important input features to the random forest model. The substantial improvement of the 

random forest model over linear regression was attributed to the ability to support non-linear 

relationships between ET and longitude, precipitation, and elevation. 

The random forest regression model developed here would be enhanced by refinement 

prior to application over large geographical extents, primarily by increasing training data sample 

size to reduce errors and incorporation of global-scale land cover datasets to improve model 

transferability.  Future model versions can be used as an alternative, not a replacement, for ET 

models driven with remote sensing observations when observational data is not available, such as 

prior to the satellite missions, or where parameter datasets are not yet developed, such as outside 

the CONUS. Envisioned uses include hindcasting or forecasting fine-resolution ET, evaluating 

the effects of land cover change on ET and basin hydrology, and rapid 30-m ET approximation 

outside the CONUS. 
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CHAPTER 5 

CONCLUDING REMARKS 

 

The objective of this research was to better understand the uncertainty between modeled 

estimates of hydrologic components at the continental scale, the impact of that uncertainty on 

research results, and develop a methodology to reconcile spatiotemporal gaps in knowledge 

between hydrologic and remote sensing models. 

 The first study, CHAPTER 2, found that model selection can significantly alter results 

and findings when used as a substitute for observational data. In contrast to previous 

intercomparison projects in the scientific literature often focused on the causes of model 

disagreement or validation against in-situ observation data, this chapter investigated how 

publicly available modeled estimates of hydrologic flux and storage components can affect 

scientific analyses by quantifying disagreement between numerous hydrologic models, reanalysis 

datasets, and remote sensing products. 

Results showed that flux and storage magnitudes disagree most greatly in the western 

CONUS, with uncertainty (measured as coefficient of variation) ranging from 11-21% for 

precipitation (P), 14-26% for evapotranspiration (ET), 28-82% for runoff (R), 76-84% for snow 

water equivalent (SWE), and 36-96% for soil moisture (SM).  In the eastern CONUS, 

uncertainty is somewhat lower, ranging from 5-14% for P, 13-22% for ET, 28-82% for R, 53-

63% for SWE, and 42-83% for SM.  Inter-annual trends in estimates from 1982-2010 show more 

comprehensive agreement for P and ET fluxes, but common disagreement for R, SWE, and SM. 

Disagreement in trends (i.e. positive versus negative versus insignificant) between models is 

typically a result of conflicting negative and insignificant trends rather than between negative 

and positive trends, indicating that disagreement is due to occurrence and not direction of trend.  

Correlating fluxes and stores against remote sensing-derived products shows poor overall 

correlation in the western CONUS for ET and SM.  P correlates well in all regions, and SWE 

correlates well in the primary regions of Northwestern Forested Mountains and Northern Forests. 

 In application, water budget analyses showed that in large eastern ecoregions model 

selection can result in relative imbalances ranging from -50 to 50%.  In larger western 
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ecoregions, relative imbalances can range from -150 to 60%. Metrics of disagreement in 

component estimates presented here help to describe the uncertainty of the scientific 

community’s current state of knowledge.  The uncertainty inherent in modern datasets can affect 

results of studies as diverse as satellite-derived groundwater estimates and predictive snowmelt 

analyses. Our results highlight problem areas within CONUS-extent hydrologic estimation 

efforts that warrant better understanding and addressing in future endeavors. Most importantly, 

our results show that the most important issues to reconcile are disagreement in soil moisture and 

snow storage, as well as primary fluxes in western arid and semi-arid regions. 

 The second study, CHAPTER 3, compared 50 unique estimates of groundwater trend 

over the CONUS from 2004 to 2010 using 5 GRACE spherical harmonic and mascon solutions 

and 10 surface water models, in order to better understand and demonstrate how uncertainty 

propagation affects research conclusions. While variability from GRACE solutions does 

contribute to groundwater uncertainty, it is eclipsed by high levels of variability between surface 

water models that predominantly control uncertainty in groundwater trends. Uncertainty in 

groundwater is likely more strongly influenced by differences in the meteorological forcings 

used to drive SW models rather than by differences in model structures and parameterizations, 

based on a simple comparison of two land surface models. Differences in soil column depth 

within land surface models also revealed how model design controls total soil moisture 

contribution to groundwater trend. The deeper along the soil column that models extend water 

storage changes, the greater the simulated soil moisture trend, and therefore the greater the 

contribution to GRACE-derived groundwater. 

Where the magnitudes of trends in GRACE terrestrial water storage are weak or 

negligible, surface water models can introduce entirely new trends that are not present in 

GRACE data and are contradictory to other models. In these regions, such as the east and 

northwest CONUS, uncertainty is high, ranging from 45-54%, and commonly produces 

disagreement on trend direction. Where trends in GRACE TWSA are strong, such as the 

southwest and central CONUS, SW models alter the spatial extent of GWA trend and amplify or 

attenuate existing signals, but yield somewhat lower uncertainty ranging from 15-21%, values 

that exceed previous studies. This research concludes that uncertainty in modeled soil moisture 

estimates is higher than previously assumed and significantly impacts analysis of groundwater 



95 

 

trends from GRACE satellite data. Uncertainty in groundwater estimates is lower, though still 

significant, where the primary driver of trend is GRACE terrestrial water storage. If trends in 

modeled soil moisture, or less commonly, snow water equivalent, are greater in magnitude than 

GRACE trends, uncertainty is substantially higher and can introduce trends that are not 

supported by observed satellite data. Given the contradictory trends produced by various surface 

water models in areas of low-magnitude GRACE trends, the analysis presented here suggest that 

the uncertainty in estimates of groundwater trend in those regions is high enough that results are 

likely inconclusive without the presence of an extensive in-situ observational network. 

Finally, in CHAPTER 3, machine learning regression models were developed to predict 

annual 30-m SSEBop ET over 2 million km2 of the CONUS using easily accessible climate, 

landcover, and geophysical datasets. Data from remote sensing observations was excluded in 

order to develop models that are not constrained by the temporal extent of satellite data 

availability. The random forest model outperformed the linear regression model across all sites. 

On average over the CONUS, random forest normalized root mean squared error was 19% 

across all land cover classes and 13% over forested lands. Models performed best over 

homogeneous forest land cover and worst in arid and semi-arid regions with heterogeneous shrub 

vegetation. In the eastern US, random forest regression returned errors of 10% over forests 

compared to errors of 15% over forests in the western US. Errors in western sites were 

disproportionately impacted by extensive shrub vegetation and barren surfaces. The substantial 

improvement of the random forest model over linear regression was attributed to the ability to 

support non-linear relationships between ET and longitude, precipitation, and elevation. 

The random forest regression model developed here, following further refinement by 

increasing training data sample size and incorporation of global-scale land cover datasets, offers 

an alternative measure of fine resolution evapotranspiration in lieu of tradition modeled products 

by relying on simple retrospective climate variables and constant geophysical products. 

Envisioned uses include hindcasting or forecasting fine-resolution ET, evaluating the effects of 

land cover change on ET and basin hydrology, and rapid 30-m ET approximation outside the 

CONUS. 
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