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ABSTRACT 

  

The processes that govern the quality, quantity, and movement of water resources are a 

multifaceted and nonlinear system of interactions between the earth, the land surface, vegetation, 

and the lower atmosphere. Recent advancements in computational efficiency and earth system 

modeling have awarded hydrologists with increasingly high resolution models of terrestrial 

hydrology, which are paramount to understanding and predicting these complex fluxes of 

moisture and energy. Extreme-scale (continental scale and above) hydrologic simulations are, in 

particular, of interest to the hydrologic community for numerous societal and operational 

applications. However, computational demand has traditionally necessitated some type of 

relaxed physical assumptions, usually by focusing physical realism on isolated components of 

the water cycle; for instance, land surface models as the lower boundary to meteorological 

models often simplify surface and subsurface hydrology, concentrating on the balance of 

radiation and surface turbulent fluxes but neglecting deep and lateral redistribution of soil 

moisture. Given the growing body of literature detailing the benefits of capturing coupled system 

exchange of moisture and energy, there is increasing demand for large-scale, high resolution 

models which simulate the hydrologic cycle as an integrated whole, from bedrock to land surface 

to atmosphere. This dissertation presents work towards fully-coupled, high-resolution hydrologic 

simulations at extreme scales. In these chapters, the importance of representing dynamic 

groundwater and lateral subsurface moisture redistribution is shown with regard to regional 

atmospheric modeling. Also discussed is the fidelity, uncertainty, and application of high-

resolution, coupled-system hydrologic simulations at the continental scale. This work focuses on 

the connection between groundwater and atmosphere, demonstrates the importance of hydrologic 

representation in meteorological and remote sensing applications, and implicates the use of 

continental-scale hydrologic models to better understand the processes that govern our 

invaluable water resources. 
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CHAPTER 1 

INTRODUCTORY REMARKS 

 

Aquifer depletion and groundwater resource degradation is happening all over the world 

(Konikow, 2015; Wada et al., 2010), and it “poses a far greater threat to global water security 

than is currently acknowledged” (Famiglietti, 2014). For instance, GRACE, the Gravity 

Recovery and Climate Experiment, has observed groundwater reductions around the globe; 

significant negative storage change is occurring in the US High Plains (Strassberg et al., 2009), 

the Colorado River Basin (Castle et al., 2014), California’s Central Valley (Famiglietti et al., 

2011), in India (Rodell et al., 2009), China (Feng et al., 2013), and the Middle East (Joodaki et 

al., 2014b). These changes in terrestrial water storage may be attributed to climate warming, to 

decadal climatic oscillations, to anthropogenic events such as groundwater pumping and 

diversions, or to natural variability in the ecohydrological system.  

In any case, predicting future water resources in an uncertain climate and under increased 

demand for groundwater, will require reliable simulations of the terrestrial water balance that can 

operate on a range of temporal and spatial scales and can account for system nonstationarity and 

climate feedbacks. Further, groundwater’s complex and nonlinear relationship with surface 

energy states and with the lower atmosphere complicates the estimation of future water 

resources. Soil moisture, and to a greater extent groundwater, respond to anomalies at the land 

surface with increasing time lag with depth (Brubaker & Entekhabi, 1996a; Entekhabi et al., 

1996a), in such a way that the subsurface acts as a “low-pass filter”, dampening anomalous 

events but furthering their memory. The estimated global mean residence time for groundwater is 

1400 years, while a typical government term is only five years and the current groundwater 

policy horizon ranges from 5 to 20 years (Gleeson et al., 2012). An unfortunate result is that 

proximate anomalies to recharge and land dynamics (e.g. the 2013-2016 California drought; the 

mountain pine beetle infestations of the Rocky Mountains; the ongoing Ogallala aquifer 

depletion) become multi-generational groundwater problems. Given that the global climate is 

warming, dependable projections of climate- or human-induced groundwater storage change, and 

its feedbacks to the surface and lower atmosphere, are important not only for water resource 

planning but also for accurate meteorological and climate modeling. 
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 With these relationships in mind, the last decade has seen a developing momentum for 

integrated and coupled-system modeling that can connect a number of physical, scientific and 

societal scales. Such models would bridge scales that govern the transfer of water and energy, 

scales at which data are available, scales at which models are run, and scales at which water 

resource decisions are made (Figure 1.1).  

This dissertation presents case studies in the development, application, feasibility and 

importance of integrated, coupled, or extreme-scale hydrologic modeling. Chapter 2 

demonstrates the groundwater and weather connection over complex topography of the Rocky 

Mountain headwaters. A mesoscale meteorological model was run with increased physical 

realism in the subsurface (deeper substrate, lateral routing of moisture), and subsequently local 

mountain weather patterns were found to be impacted. Specifically, results suggest that lateral 

groundwater flow incorporation in land surface models can improve conditions for moist 

convection and anabatic winds. In Chapter 3, the feasibility, the fidelity, and the bias of a 

continental-scale hydrologic model are evaluated. Findings from this study support the feasibility 

of extreme-scale modeling to reproduce appropriate magnitude and timing of water balance 

components, even at high-resolution and continental scale. In Chapter 4, the same continental-

scale hydrologic model is used to help explain total water storage anomalies from remote 

sensing. Findings presented here implicate the importance of representation of hydrology in land 

surface modeling; the importance of groundwater representation in land surface modeling 

applications; use of hydrologic models to bridge scales of data availability; and the land-water-

atmosphere connection. 
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Figure 1.1: Hydrologic scales at which data are available, models are run, and decisions are 

made. 
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CHAPTER 2 

IMPACT OF LATERAL GROUNDWATER FLOW AND SUBSURFACE LOWER 

BOUNDARY CONDITIONS ON ATMOSPHERIC BOUNDARY LAYER DEVELOPMENT  

OVER COMPLEX TERRAIN 

 

Modified from a paper published by the Journal of Hydrometeorology1 

Mary M Forrester2, Reed M Maxwell3 

 

Abstract 

Credible soil moisture redistribution schemes are essential to meteorological models, as 

lower boundary moisture influences the balance of surface turbulent fluxes and atmospheric 

boundary layer (ABL) development. While land surface models (LSMs) have vastly improved in 

their hydrologic representation, several commonly held assumptions, such as free-draining lower 

boundary, one-dimensional moisture flux, and lack of groundwater representation, can bias the 

terrestrial water balance. This study explores the impact of LSM hydrology representation on 

ABL development in the Weather Research and Forecasting (WRF) meteorological model. The 

results of summertime WRF simulations with Noah LSM, characterized by 2 m thick soil, one-

dimensional flow, are shown for a domain in the Colorado Rocky Mountain headwaters region. 

A reference WRF simulation is compared to 1) the same model with soil moisture initialized by 

the hydrologic model ParFlow, 2) a deep, free-draining simulation, and 3) WRF coupled to 

ParFlow, a three-dimensional, integrated groundwater-surface water model. Results show that 

both lateral transport of groundwater and the rate of drainage from the lower soil layer can 

weaken or reverse the coupling strength between evaporative fraction and ABL over a five-

month summer period. The resulting shifts in low level moist convection in river valleys and 

thermally driven airflows yield strengthened anabatic upslope air flows and perturbations to 

regional precipitation. 

    

 

 
1 Copyright March 24, 2020 American Meteorological Society (AMS) (Forrester & Maxwell, 2020) 
2 Corresponding author; primary author and researcher 
3 Advised on conceptual experiment, modeling expertise, and manuscript editing 
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2.1  Introduction 

Groundwater, soil, vegetation and the atmosphere are intimately coupled through 

complex and highly nonlinear interactions (Brubaker & Entekhabi, 1996; Entekhabi, Rodriguez-

Iturbe et al., 1996; Rodriguez-Iturbe, 2000). For decades, meteorological models, with land 

surface models (LSMs) as their lower boundary, have advanced in their ability to not only 

provide dependable predictions of atmospheric states and surface recharge, but also to diagnose 

this complicated exchange of moisture and energy fluxes at the land-atmosphere interface. LSMs 

in particular have improved considerably in their representation of hydrologic and ecological 

processes (Henderson-Sellers et al., 1993; Best et al., 2014), having evolved from first 

generation, shallow depth models with bucket hydrology and minimal soil heat conduction (e.g. 

Manabe, 1969), to multi-layer models capturing vegetation conductance, carbon balance 

modeling, Richards-based infiltration schemes, snowpack and frozen ground simulation, and 

saturation or infiltration excess runoff generation  (e.g. Chen & Dudhia, 2001; Dickinson et al., 

1998; Lawrence et al., 2011; Sellers et al., 1986). Yet, despite advancements in model 

complexity, hydrologic representation in LSMs operates under several assumptions, discussed 

below, that may prejudice simulations of soil moisture and soil-atmosphere exchange. Given the 

well-established influence of soil moisture heterogeneity and magnitude on the atmosphere (Kim 

and Wang, 2007; Kollet & Maxwell, 2008; Koster et al., 2003; Santanello, et al., 2011; Seuffert 

et al., 2002), appropriate LSM moisture characterization is an important problem. A growing 

number of studies address this issue by improving realism of LSM terrestrial hydrology and 

capturing the connection of the groundwater and energy cycles (Anyah et al., 2008; Gulden et 

al., 2007; Maxwell & Kollet, 2008a; Miguez-Macho et al., 2007; Niu et al., 2007; Rahman et al., 

2015; Keune et al., 2016; Maxwell & Condon, 2016). 

The limited dimensionality of LSMs traditionally prohibits lateral water flow in the 

subsurface. Most LSMs, including those used in meteorological and climate models, route 

moisture in one vertical dimension and allow no lateral communication between vertical soil 

columns. Such an assumption can lead to overestimates of soil moisture, and subsequently latent 

heat flux, in topographic highs relative to valleys, given that the model omits routing influenced 

by geomorphology (Soulis et al., 2000). This could be particularly problematic in regions of 

complex terrain and heavily orographic precipitation. The absence of aquifer representation and 

generally shallow soil depth (2 – 10 m) in LSMs means that well known controls of groundwater 
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on soil moisture and surface energy (Keune et al., 2016; Maxwell & Condon, 2016; Rahman et 

al., 2015) may be overlooked. Groundwater’s long-term memory to atmospheric anomalies and 

known groundwater-atmosphere feedbacks (Entekhabi et al., 1996) motivate the use of improved 

subsurface storage schemes. Choice of soil hydraulic parameterizations are also important in 

mesoscale meteorological models; Braun and Schädler (2005) compared several models, finding 

that the van Genuchten (1980) -based soil hydraulic parameterizations performed better than 

Clapp-Hornberger (Clapp & Hornberger, 1978; Cosby et al., 1984) models. Free-draining 

boundary conditions, in which water may freely drain at the rate of conductivity of the lowest 

node or based on slope-informed parameters, are often applied at the bottom of LSM soils and 

could bias simulated soil moisture content and prohibit surface water balance closure (Yeh & 

Eltahir, 2005), which can further corrupt estimates of surface turbulent fluxes. 

In the past decade, a number of fully coupled platforms have been developed which 

resolve feedbacks from bedrock to atmosphere and provide a more holistic view of the coupled 

water and energy cycles than some meteorological models used for operational forecasts. 

Recently, Shrestha et al. (2014) coupled the ParFlow integrated hydrologic model (Jones & 

Woodward, 2001) with the Consortium for Small-Scale Modeling (COSMO) (Baldauf et al., 

2011), using the Community Land Model (CLM; Oleson et al., 2008). The coupled platform, 

also known as the Terrestrial Systems Modeling Platform (TerrSysMP), has shown improved 

estimates of surface fluxes with incorporation of integrated terrestrial hydrology in idealized and 

real data simulations (Shrestha et al., 2014); TerrSysMP was also applied over the European 

Coordinate Regional Downscaling Experiment (CORDEX) domain, with results suggesting 

strong surface energy and lower atmosphere dependence upon subsurface hydrofacies 

distribution and groundwater configuration (Keune et al., 2016). In more recent work, 

TerrSysMP simulations over western Germany showed that augmented subsurface and land 

surface physics do not result in consistent improvements in land surface and atmospheric states 

(Sulis et al., 2018), although synoptic forcings were a large uncertainty factor. Earlier coupled 

system experiments were performed with the coupled ARPS-ParFlow (the Advanced Regional 

Prediction System), and later with WRF-ParFlow (the Weather Research and Forecasting 

mesoscale meteorological model) (Skamarock et al., 2008; Xue et al., 2000). Maxwell et al. 

(2007) showed atmospheric boundary layer development was highly sensitive to soil moisture 

redistribution, while Maxwell et al. (2011) demonstrated the application of fully-coupled, semi-
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idealized simulations to both wind-energy and rainfall-runoff forecasts. Anyah et al. (2008) 

found improved evapotranspiration and even precipitation estimates in arid regions following the 

incorporation of water table dynamics and subsequently wetter soils, using the Regional 

Atmospheric Modeling System (RAMS-Hydro; Anyah et al., 2008; Miguez-Macho et al., 2007). 

The WRF-Hydro model was originally developed as a tool for coupling terrestrial hydrology 

modeling platforms and LSMs to WRF (Gochis et al., 2015), and the stand-alone coupled 

modeling system has been applied to meteorological domains around the world (e.g. Senatore et 

al., 2015; Yucel et al., 2015). For example, Senatore et al. (2015) found that the fully-coupled 

WRF-Hydro model modestly outperformed WRF-only simulations with respect to observed 

precipitation. They also showed higher soil moisture content, and consequently higher latent heat 

flux, in the fully-coupled platform, which may be attributed to 1) the hydrologic model’s ability 

to redistribute moisture to neighboring soil columns and 2) the ability for excess water to re-

infiltrate, rather than be altogether removed from the water cycle in the uncoupled simulations. A 

WRF configuration over the Central United States was also found to yield improved simulated 

coupling between soil moisture and lifting condensation level (LCL) when a groundwater 

component, as well as vegetative growth, were incorporated (Jiang et al., 2009).  

While the sensitivity of meteorological model performance to terrestrial hydrology 

representation is an ongoing question, the coupled system platforms described above add to our 

understanding of groundwater-atmosphere coupling and allow the diagnosis of coupling behavior 

previously unavailable. In this study, we explore the interaction of lower boundary terrestrial 

hydrology representation and topographic complexity on modeled meteorological states using 

the ParFlow-WRF hydrologic-atmospheric model (Maxwell et al., 2011). This modeling 

platform has previously been used to analyze mechanistic relationships between groundwater 

table depth and moisture and energy in the lower atmosphere (Maxwell et al., 2011), as well as to 

highlight the potential for subsurface hydraulic conductivity realizations to generate ensembles 

via land energy perturbations (Williams & Maxwell, 2011). Here, we compare a long-range, 

uncoupled WRF-only forecast to fully-coupled ParFlow-WRF configurations, in order to test the 

influence of subsurface soil moisture redistribution parameterizations and dynamic water table 

depth on predicted meteorological states. The model domain of choice, encompassing several 

headwater watersheds in the Colorado Rocky Mountain headwaters, is one characterized by 

highly complex terrain, which will induce lateral routing of moisture to topographic convergent 
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zones in the fully-coupled model. Below, we describe the experiment in greater detail, focusing 

on the major conceptual differences between lower boundary configurations in Section 2.2.1. 

Section 2.2.2 highlights the governing equations for soil moisture and infiltration that differ 

between the WRF-only and fully-coupled ParFlow-WRF simulations. A description of the model 

domain, input parameters and initial and boundary condition development is given in Section 

2.2.3, and model validation observations are described in Section 2.2.4. 

The primary goal of this study is to examine the sensitivity of atmospheric boundary 

layer development and land-atmosphere coupling over complex terrain to assumptions prevalent 

in LSMs discussed above, namely: one-dimensional (vertical-only) soil water redistribution; 

shallow LSM depth and lack of groundwater component; choice of soil hydraulic parameters; 

and choice of initial soil moisture condition. Incorporating lateral groundwater movement and a 

dynamic water table will move soil moisture away from ridges and into valleys, contrasting the 

precipitation-dependent soil water content in the WRF-only model that can leave topographic 

lows inappropriately dry. In this way, ridges (valleys) will experience lower (higher) evaporative 

fraction with the addition of dynamic groundwater components, and land-atmosphere coupling 

will be affected. We hypothesize that these affects, specifically applied in a region of complex 

terrain, will result in changes to thermally-driven orographic convection, flows and precipitation. 

Models are validated against observed Ameriflux surface energy and meteorological variables 

and compared to available radiosonde measurements (Section 2.3.1). After discussing the impact 

of lower boundary condition on surface energy variables, convective boundary layer 

development, and land-atmosphere coupling (Sections 2.3.2 and 2.3.3), we address two 

important drivers of regional meteorology, including moist convection in valleys and thermally-

driven anabatic flows (Section 2.3.4) and their sensitivity to terrestrial hydrology. 

 

2.2 Methods 

2.2.1  Conceptual experiment design 

This study examines the influence of the lower boundary condition on simulated 

atmospheric states, by comparing meteorological model configurations that vary in their initial 

soil moisture condition or in their physical hydrology representation. Figure 2.1 shows a 

conceptual diagram of the controlled experiment. The three models illustrated here share 

identical meteorological models, LSMs, initial atmospheric conditions and lateral atmospheric 
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boundary conditions, and static LSM variables; they differ only in the way soil moisture was 

dynamically redistributed throughout the subsurface. 

The default atmospheric model, WRF, employs the Noah LSM with four soil layers as its 

lower boundary condition (Figure 1a); this model will act as our control. Noah controls the 

development of heterogeneous soil moisture states, and like many LSMs it assumes one-

dimensional moisture flux, shallow (two-meter total) soil depth without deeper storage or 

groundwater, and no surface hydrology component. Water in the subsurface gravitationally 

drains from the lowest soil moisture layer at a rate scaled by a factor representing the slope of the 

cell, with larger surface slopes representing larger drainage. Drained moisture from the 

subsurface is not stored and may not feedback to soil water through capillarity at later times. 

Initial soil moisture conditions in the baseline WRF model were supplied by the WRF 

Preprocessing System (WPS), which downscales coarser resolution meteorological products, in 

this case from the one-degree gridded NCEP FNL (Final) Operational Global Analysis data, for 

WRF’s initial and boundary conditions.  

 

 
Figure 2.1: Conceptual model of hydrologic schemes in WRF. A) default WRF_only uncoupled 

model with column-based moisture redistribution is the scheme for WRF and WRFPFIC, b) 

PFWRFFD extends the model depth an additional 100 m with an added layer but maintains one-

dimensional (vertical) flux and free draining lower boundary, c) PFWRF3D routes moisture in 

three dimensions, resolves surface water routing and reinfiltration, and maintains a no-flow 

lower boundary condition. 
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Our perturbed model simulations include 1) WRF coupled to a hydrologic model 

(PFWRF3D), 2) WRF initialized by a hydrologic model (WRFPFIC), and 3) a simulation with 

deep, free-draining subsurface moisture (PFWRFFD) (Table 2.1). These configurations 

respectively test three-dimensional groundwater flow, model initial condition, and lower 

boundary drainage rate, relative to the control. 

 

Table 2.1: Configurations of the Weather Research and Forecasting model tested over the 

Colorado Rocky Mountain headwaters domain. Note that PFWRF3D and PFWRFFD contain an 

additional model layer representing geology and groundwater below the vadose zone. 

 

 

The fully coupled configuration, PFWRF3D, similarly employs the Weather Research and 

Forecasting model with Noah LSM, but while the LSM still handles evapotranspiration and the 

surface energy budget, its soil moisture calculation is replaced with ParFlow, an integrated 

surface-subsurface hydrology model (Figure 2.1c). The model is also deeper, with the same four 

Noah soil layers and a 100 m deep geology layer, for a total model depth of 102 m, in order to 

capture groundwater-vadose zone exchange. PFWRF3D therefore differs from WRF in that its 

simulated, variably saturated moisture flux is three-dimensional, such that lateral movement of 

groundwater and a dynamic water table are resolved. The initial condition for PFWRF3D is 

ParFlow’s spun-up hydrologic state for the region (described in further detail in Section 2.2.3). 

The free-draining model, PFWRFFD, was designed to mimic WRF’s vertical-only 

subsurface moisture flux while extending the lower boundary condition deeper into the 

subsurface and test the influence of drainage rate on atmospheric states. In this case, ParFlow 

rather than Noah again routes water vertically in the subsurface to a depth of 102 m, but lateral 

water flow is eliminated and a free draining lower boundary condition applied. Overland flow in 

PFWRFFD does not exist, and water primarily moves downward (never laterally) through the 
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subsurface, exiting the model domain through the lower boundary at the rate of hydraulic 

permeability in the lowest model layer. The rate of drainage for the PFWRFFD model is therefore 

faster than the baseline WRF model. In order to keep the free draining model as close to the 

control as possible, the initial moisture condition was a surface-level initial water table, because 

initial soil moisture conditions supplied by WPS were at or near saturation for the majority of the 

domain. 

Model configurations described in Figure 2.1 vary in their physical governing 

mechanisms for terrestrial hydrology calculations. We also tested the influence of initial soil 

moisture condition by comparing WRF with WRFPFIC . While its model physics are identical to 

WRF’s (Figure 2.1a), the WRFPFIC simulation uses an initial soil moisture condition supplied by 

the ParFlow hydrologic model spinup process (described in Section 2.2.3). WRFPFIC and PFWRF 

therefore share identical initial moisture fields in the subsurface.  

 

2.2.2  Model characteristics and governing equations 

As described above, in this study we examine the influence of initial conditions and 

dynamics of the lower boundary condition in WRF, the Weather Research and Forecasting 

mesoscale atmospheric model (Skamarock et al., 2008). WRF solves the nonhydrostatic and 

fully compressible Navier-Stokes equations to calculate three-dimensional thermal and kinetic 

energy and moisture flux in the atmosphere. In all models, the Thompson et al. (2008) bulk 

microphysics scheme was used for simulated formation of cloud droplets and precipitation 

fallout. Longwave and shortwave radiation were represented by the Rapid Radiative Transfer 

Model (Mlawer et al., 1997) and the Dudhia scheme (Dudhia, 1989), respectively. Finally, The 

Yonsei University (YSU) scheme was used for planetary boundary layer dynamics (Hong et al., 

2006). 

Land surface energy and moisture flux is calculated by the Noah LSM (F. Chen & 

Dudhia, 2001), which calculates evapotranspiration (ET) as the sum of transpiration from 

vegetation and direct evaporation from canopy and ground surfaces. The model consists of four 

soil layers of variable thickness, with the top layer 0.1 m thick and consecutively deeper layers 

are 0.3, 0.6, and 1.0 m, for a total model depth of 2 m. The boundary condition at the bottom is a 

gravitational flow that is scaled by a parameter representing the slope category for that cell; 

drained water does not accumulate or feedback to the 2-m soil column through capillary forces. 
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Noah employs Penman-based approach for calculating potential evaporation (Penman, 1948), 

and a simple linear model by Betts et al. (1997) to calculate direct evaporation. A canopy 

resistance factor is included to adjust potential evaporation and resolve vegetation transpiration 

based on Jacquemin & Noilhan (1990). The canopy resistance term, and therefore Noah’s 

estimate of the soil moisture flux at the surface, is a function of vapor pressure deficit and 

temperature in the lower atmosphere, solar radiation, and soil water content.  

The formulation of subsurface moisture content formulation is the key difference 

between models compared in this study (Figure 2.1). WRF and WRFPFIC both estimate 

subsurface moisture redistribution using the Noah LSM prognostic equations for soil moisture 

content. Here, Noah LSM solves Richards’ equation (equation (1)) (Richards, 1931), assuming 

isotropic, homogeneous, and one-dimensional vertical flow (F. Chen & Dudhia, 2001; Hanks & 

Ashcroft, 1980). The Richards equation may be expressed as a function of volumetric soil water 

content θ, as shown in (2.1) (F. Chen & Dudhia, 2001; Gilding, 1991), or in terms of water head 

potential h (Celia et al., 1990; Hanks & Ashcroft, 1980). In Noah, the θ-based form of Richards’ 

equation is expressed as 

 

 
!"!# = !!% &'(") !"!%* + !,(")!% + - (2.1) 

 

for vertical coordinate (soil depth) z, diffusivity D, hydraulic conductivity K, volumetric soil 

water content θ, at time t. Q represents sources and sinks for soil water, including runoff, 

precipitation and evaporation; WRF-Noah employs the Simple Water Balance (SWM) model to 

calculate runoff (Schaake et al., 1996). It is important to note that K and D are highly nonlinear 

functions of the soil water content θ. Diffusivity is given by ' = ,(") .!"!#/ for the soil water 

tension function 0, and hydraulic conductivity and soil retention are calculated based on the 

Cosby et al. (1984) equations. These are shown in equations (2.2) and (2.3). 

 

 ,(") = 	,$ & ""$*
%&'(

 (2.2) 
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 0(") = 	0$ &""$*
)&

 (2.3) 

 

where ,$ the saturated soil moisture content, "$ is the saturated soil matric potential, and 0$ is 

the saturated soil matric potential, which vary for soil class. The empirical parameter b relates to 

the soil pore size distribution and is used for curve fitting.  

PFWRF3D and PFWRFFD replace equations (2.1) through (2.3) with soil, groundwater 

and hydraulic properties represented by ParFlow (Maxwell et al., 2011; Williams & Maxwell, 

2011). Rather than the θ-based or h-based forms, ParFlow solves the three-dimensional mixed-

form of Richards’ equation in terms of hydraulic head (Celia et al., 1990), shown in equation 

(2.4), and calculates relative saturation and permeability using the van Genuchten (1980) 

relationships (equations (2.6) and (2.7)) (Kollet & Maxwell, 2006; Maxwell et al., 2016). 

 

 2$2* !ℎ!# + 4 !2*(ℎ)!# = 5 ∙ 7 + 8+ (2.4) 

 

where Ss is the specific storage, Sw is the relative saturation, h is the pressure head, and 4 is the 

porosity. The specific volumetric Darcy flux, q, is given by  

 

 7 = −:,;+(ℎ) ∙ ∇(ℎ − %) (2.5) 

 

Here, Ks is the saturated hydraulic permeability tensor and kr is relative permeability. The terrain 

following grid formulation was used to include a topographic slope component (Maxwell et al., 

2016). The van Genuchten (1980) equations used for hydraulic relationships are given in terms 

of hydraulic head h as 

 

 2*(ℎ) = 	 =$-. − =+/$
[1 + (@ℎ)0]12)203 + =+/$ (2.6) 
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 ;+(ℎ) =
B1 − (@ℎ)0)2

[1 + (@ℎ)0]12)203C
[1 + (@ℎ)4]12)203/%  

(2.7) 

 

ParFlow also applies the two-dimensional kinematic wave equation as an overland flow 

boundary condition, and Manning’s equation establishes flow depth-discharge relationships for 

surface runoff. The model simulates subsurface flow by solving the groundwater flow equation 

in space, using a cell-centered finite difference scheme, and in time, using an implicit backward 

Euler scheme. Studies have demonstrated ParFlow’s ability to resolve very tight coupling 

between subsurface and surface hydrologic regimes (Kollet & Maxwell, 2006, 2008; Maxwell, 

2013; Maxwell & Kollet, 2008c), and PFWRF3D extends groundwater-surface water coupling to 

the atmosphere. The primary source of coupling between ParFlow and Noah LSM is the qr term 

in equation (2.4), which represents the boundary condition and general source-sink to the top 

four soil layers. In the top soil layer, qr is given as 8+(D, %) = F(D) − G(D) for precipitation P 

and direct evaporation from the soil E, while in deeper layers two through four, 8+(D, %) =
H(D, %) represents the transpiration flux T in the root zone. Further information regarding 

coupling between ParFlow, Noah LSM and WRF may be found in Maxwell et al., (2011), and 

detail on governing equations of energy, momentum and moisture at the surface and lower 

atmosphere is given in Chen and Dudhia (2001). Note that while PFWRFFD simulates infiltration 

and flow in the vertical soil column using equations (2.4) through (2.7), lateral flow has been 

removed and redistribution of subsurface moisture is entirely one-dimensional.  

 

2.2.3  Region of interest and model domain configuration 

Land surface models have been shown to overestimate soil moisture in ridges relative to 

valleys as a direct result of vertical-only soil water redistribution (e.g. Anyah et al., 2008; Soulis 

et al., 2000), and this is especially true in regions of primarily orographic precipitation. For this 

experiment, the four models were compared over a small study domain in the Rocky Mountain 

headwaters of Colorado, in order to capture relative sensitivities of surface and lower atmosphere 

states to moisture redistribution in a complex terrain setting. Figure 2.2 shows the configured 

domain, terrain, major cities and HUC8 (USGS hydrologic unit code) outlines, land 

classification, and permeability of soil and geologic units. This a topographically intricate, semi-
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arid region dominated by elevation-dependent rainfall and an annual hydrograph heavily 

influenced by snowpack and melt. The primary Colorado Headwaters, Blue and Eagle 

watersheds serve as the initial source of water to the Upper Colorado River Basin, and Clear 

Creek to the west is a headwater contributor to the South Platte River (Figure 2.2). These waters 

provide municipal and agricultural resources to over 30 million people (Christensen et al., 2004; 

Ficklin et al., 2013). Prevailing winds blow from the west, but locally strong and divergent wind 

patterns can occur when the mountain terrain can funnel wind through valleys. Precipitation 

drivers are primarily orographic, with storms initiating through upslope advection, which 

destabilizes the atmospheric boundary layer by lifting air to saturation. It is also often the case 

that leeside boundary layer convergent zones form downwind of mountain ridges, influenced by 

the opposing hillslope, leading to cumulus initiation (Banta, 1984). 

 

Figure 2.2: a) Nested domains for the WRF-only nested simulation to provide initial and 

boundary atmospheric conditions for d04, b) Innermost d04 nest, primary model domain, with 

cities, watershed boundaries, and primary land cover class (evergreen needleleaf), c through e) 

Permeability in the top soil layer, lower three soil layers, and lower geologic layer, respectively. 

For clarity, only the primary land cover class is shown, covering 34.2% of model land area; other 

most common land classes are savanna (25.4%), shrubland (12.4%), grassland (11.2%) and 

deciduous broadleaf (6.7%). 
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PFWRF3D has previously been run over this model domain to diagnose hydrology-land-

atmosphere coupling under land disturbance conditions (Forrester et al., 2018), with results 

suggesting that the energy and moisture flux sensitivity to widespread forest mortality is highly 

dependent on antecedent moisture conditions. This study uses the same atmospheric initial and 

boundary conditions and static soil, geology and land use variables detailed in Forrester et al. 

(2018). While they provide a complete description of the model configuration and development, 

we provide a brief summary here. 

Initial and boundary atmospheric conditions for WRF were supplied by the National 

Centers for Environmental Protection Global Forecast System (Final) (NCEP GFS-FNL) archive 

of global gridded analysis products (NCEP, 2000). These data products, at 0.25° grid by 0.25° 

and provided at 26 pressure levels ranging from 1000mb to 10 mb, were downscaled using one-

way nested dynamic downscaling. The four nested domains, with grid cell spacing of 27 km, 9 

km, 3 km and 1km, are shown in Figure 2.2. All further figures are for the innermost domain, 

d04 at 1 km lateral resolution. Simulations ran from April 12 through August 30, 2008. Dynamic 

downscaling was conducted with WRF (not coupled to ParFlow) using physics schemes detailed 

above in Section 2.2, and employing the Kain-Fritsch cumulus physics scheme for the coarsest 

scale (d01) domain (Kain, 2004), in order to provide initial and boundary atmospheric conditions 

for the domain of interest (d01). Dynamic downscaling was conducted using an adaptive 

timestep and solved over 27 meteorological layers. Land use and vegetation parameters were 

taken from the USGS 24-class land cover for Noah LSM, and products from the Snow Data 

Assimilation System (SNODAS) were used as the initial snowpack conditions for April 12 

(National Operational Hydrologic Remote Sensing, 2004). Soils range from sandy to clay loams, 

and hydraulic properties for soil hydrofacies were supplied by the soil survey geographic 

database (SSURGO) and from Schaap and Leij (1998). These soils are sourced from Permian 

and Carboniferous sedimentary bedrock in the Front Range and from primarily Precambrian 

metamorphic rocks in the mountains. Soil classes are consistent between WRF, WRFPFIC, 

PFWRFFD and PFWRF3D; however, PFWRFFD and PFWRF3D also require hydraulic properties 

for their deeper geologic units. These geologic unit classes were subset from a continental-scale, 

integrated hydrologic simulation of ParFlow (Maxwell et al., 2015), which used a continental-

scale geologic permeability map adapted from Gleeson et al. (2011a).  
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As described above, initial subsurface moisture conditions for WRF were supplied by the 

WRF Preprocessing System (WPS) and the FNL forcing products, in which the top soil layer is 

at or near field capacity for most of the domain; in order to keep the free-drainage experiment as 

close in initial condition to the control as possible, PFWRFFD was initialized with saturated soil 

moisture conditions and a surface-level groundwater table. However, PFWRF3D and WRFPFIC 

were both initialized with a hydrologic spinup of the ParFlow model domain (Forrester et al., 

2018), which was conducted by running the hydrologic model with repeated annual forcing from 

the North American Land Data Assimilation System (NLDAS) (Cosgrove, 2003), until the 

change in subsurface storage was within one percent of the annual forcing from one year to the 

next. Such a spinup method avoids initial moisture condition bias, as it supplies an equilibrium 

hydrologic state and reduces the tendency for artificial drift (Ajami et al., 2014). The spunup 

pressure in all five model subsurface layers was used as the initial condition for PFWRFFD and 

PFWRF3D
 on April 12, while WRFPFIC received only the soil moisture (calculated from 

ParFlow’s simulated pressure head) in its four soil layers. The period from April 12 to May 1 

was treated as an additional spinup of the coupled hydro-meteorological system, and only results 

after May 1 are analyzed here. Monthly soil moisture conditions in the top soil layer are shown 

in Figure 2.7 for all four models. 

 

2.2.4  Comparisons to observations 

Models were compared to observations at the Niwot Ridge AmeriFlux site in order to 

assess performance in land surface energy and atmospheric states. The Niwot Ridge Ameriflux 

site is located on Arapahoe Moraine near Nederland, CO, between the Continental Divide 

(approximately 8km to the West) and the beginning of the great plains (25km to the East) 

(Blanken US-NR1). The tower is situated at 3050 m elevation within a subalpine forest 

composed of subalpine fir, lodgepole pine, and Engelmann spruce (Monson et al., 2002). 

Prevailing winds from the west flow down the gently dipping 5-7° slopes during most of the 

year; however, thermally-induced valley-mountain winds from the East occur during many 

summertime days, and larger synoptic systems can also cause upslope winds (Turnipseed et al., 

2004). Mean annual temperature is 4 °C, and mean annual precipitation is 800 mm (Monson et 

al., 2002). The 26 m tall tower provides measurements including (but not limited to) wind speed 

and direction (measured by helicoid propeller anemometers and sonic anemometry), relative 
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humidity, barometric pressure, precipitation (the heated tipping bucket rain gage is rated for 

temperatures between -20 and 50 °C), and surface turbulent fluxes (calculated from methods 

detailed in Webb et al., 1980) (Burns et al., 2016). We compared these measurements to modeled 

values from the adjacent model cell that was closest in elevation to the tower location. The 

corresponding model cell center is within the fetch of the prevailing winds (between 1.23 and 3.2 

km, depending upon stability conditions (Monson et al, 2002)), and within 7 m of the site 

elevation. An Earth System Research Laboratory (ESRL) Global Monitoring Division 

radiosonde location was also used to compare to modeled boundary layer structure over Boulder, 

CO. These radiosonde observations were obtained through balloon flights carrying ozonesonde 

telemeters which measure temperature, pressure and humidity. 

 

2.3  Results  

2.3.1  WRF comparisons to observed meteorology 

WRF simulations were compared to available meteorological observations to provide 

confidence that the models can appropriately reproduce regional atmospheric conditions and 

behavior. As a caveat to model performance results, it is important to consider scale 

discrepancies between point observations and predicted values at individual 1km model cells. 

We do not intend to identify one of the four model configurations as the best performing model. 

Further, results from the tested models at a single grid cell are not meant to evaluate model 

sensitivity to soil physics, since differences at a single point will be impacted by noisy, nonlocal 

atmospheric and subsurface processes. Rather, the Ameriflux and ESRL observations are used to 

confirm that WRF model configurations described in this study capture large scale trends, 

demonstrate appropriate magnitude of meteorological variables, and represent a realistic physical 

system appropriate for sensitivity studies of this kind. Comparisons between modeled daily near-

surface meteorological states (including air temperature, relative humidity, air pressure, and 

surface turbulent fluxes) and those observed at the Niwot Ridge Ameriflux site are shown in 

Figure 2.3. Performance statistics shown in Figure 2.3 are Spearman’s rank-order correlation 

(2.9), which is a nonparametric measure of both strength and direction, while mean bias error for 

each meteorological variable is also discussed below. Because performance varies seasonally, 

performance metrics are reported for the whole simulation period, as well as for only days 

following July 1.  
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The four models perform similarly for air temperature, pressure, and relative humidity 

(Figure 2.3). General trends in atmospheric states are captured, with the following mean absolute 

error: modeled air temperature is 1.3 °C higher after July 1 and 0.4 °C lower before July 1 than 

observed values; modeled relative humidity is 14.7 percent lower than observed over the 

simulation period; and modeled and simulated barometric pressure are within 0.5 kPa over the 

simulation period. Major differences can be seen in model performance for turbulent fluxes at 

the Niwot Ridge Ameriflux location. For days following July 1, models show total biases of -2.5 

(WRF), -7.7 (PFWRF3D), 16.9 (WRFPFIC) and -50.8 (PFWRFFD) W m-2 for daily latent heat; 

mean absolute errors for sensible heat are 17.6 (WRFPFIC), 22.4 (WRF), 27.3 (PFWRF3D) and 

47.6 (PFWRFFD). PFWRF3D performance is best by Spearman’s rank-order correlation metric for 

latent heat, but worst for sensible heat (Figure 2.3). Models exhibit poor performance for latent 

and sensible heat during several warming events in May, during which latent heat (sensible heat) 

is inappropriately high (low) (Figure 2.3). Negative sensible heat flux is not unrealistic on winter 

days in these regions, particularly given the frequent occurrence of temperature inversions and 

cold ponding immediately above snowpack in complex terrain (Whiteman et al., 1998), but in 

this case, all models greatly overestimate this effect.  

Excessive negative sensible heat flux and corresponding overestimation of snow ablation 

in the Noah land surface model has been attributed to a cold vegetation-snow layer (Chen et al., 

2014). Differences between modeled and observed sensible and latent heat can be primarily 

attributed to the land cover type assigned to the model cell: The nearest neighbor comparison 

shown in Figure 2.3 uses a model cell within fetch of the prevailing winds and within 7 m of the 

Niwot Ridge tower elevation; however, the land class index at this location is savanna, 

contrasting the fir and pine forest surrounding the AmeriFlux site. Changing the model 

comparison location to the nearest evergreen needleleaf cell (3 km away, approximately 100 m 

higher in elevation) considerably reduces error in May (e.g., -1.1, -17.3, 21, and -24.7 W m-2 

mean latent heat bias for WRF, PFWRF3D, WRFPFIC and PFWRFFD, respectively), but results in 

lower Spearman rank correlation for the rest of the summer simulation period. 
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Figure 2.3: Modeled and observed atmospheric states at the Niwot Ridge AmeriFlux site. a-e) 

Daily timeseries for air temperature, relative humidity, barometric pressure, latent heat and 

sensible heat. f-j) Modeled versus observed values for the entire timeseries, and k-o) modeled 

versus observed values for daily timeseries after July 1. Spearman rank correlation between 

simulated and observed values are shown for each scatter plot. 
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Figure 2.4: Wind roses at the Niwot Ridge AmeriFlux location for measurements (a) and the 

WRF baseline model (b). Wind roses for PFWRFFD, PFWRF3D and WRFPFIC are comparable to 

those of WRF and are not shown. 

 

 

Comparisons between observed and modeled precipitation and wind speed are shown in 

Figures 2.4 and 2.5. Wind roses for WRF and the Niwot Ridge tower are shown in Figure 2.4; 

wind roses between WRF, PFWRF3D, WRFPFIC and PFWRFFD were nearly identical, so only 

WRF is shown. Observed winds are on average W or WSW, and modeled are WSW; observed 

wind directions are more variable than modeled values, and mean observed and modeled wind 

speeds are 5.7 and 3.4 m s-1, respectively. The higher modeled wind speeds are a result of several 

synoptic events in which high wind speeds are overestimated by the WRF configurations; 

however, the most frequent winds blow between 3 and 4 m-s for both models and AmeriFlux 

observations. All models appropriately capture the timing of rainfall events at this location 

(Figure 2.5a). Spearman rank coefficients range between 0.73 and 0.74, and between 0.75 and 

0.82, for mean and maximum weekly precipitation, respectively. Mean absolute error is -0.79, -

0.81, -0.84, and -0.92 mm day-1, for PFWRF3D, WRF, WRFPFIC, and PFWRFFD, respectively. 

Snapshots of daytime modeled boundary layer structure have also been compared to radiosonde 

observations.  Figure 2.6 shows simulated humidity and temperature profiles near Boulder, 

Colorado, along with observed conditions from an Earth System Research Laboratory radiosonde 

location.   
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Figure 2.5: a) Observed and modeled daily precipitation at the Niwot Ridge AmeriFlux location. 

b) Modeled versus observed weekly total precipitation. c) Modeled versus observed weekly 

maximum precipitation event. Spearman correlation for each model is shown for weekly sum 

and maximum timeseries. 
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Figure 2.6: Vertical structure of the convective boundary layer shown as relative humidity (left) 

and temperature (right) at various pressure levels. Four daytime profiles are given for the 

radiosonde location near Boulder, CO, shown in Figure 3.2. Dotted lines are observed humidity 

profiles form the Earth System Research Laboratory Global Monitoring Division (ESRL/GMD), 

and solid lines are modeled values. Profiles are reported in local time. 
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2.3.2  Simulated near-surface soil moisture redistribution and meteorological states 

Inaccurate estimates of moisture in the unsaturated zone can bias the calculation of 

atmospheric forecasts (e.g. Findell and Eltahir 2003; Pielke 2001; Braun and Schädler 2005), by 

corrupting the surface water balance and turbulent flux prediction. Similarly, in these 

experiments, perturbations to WRF-simulated surface and atmospheric conditions originate in 

the lower boundary. Section 2.3.2 discusses the primary differences between simulated soil 

moisture, surface turbulent fluxes, and planetary boundary layer height that are direct results of 

adjustments to WRF’s lower boundary hydrologic scheme (PFWRFFD, PFWRF3D) or initial 

condition (WRFPFIC). 

 

 

Figure 2.7: a through d) monthly and column-averaged soil moisture over domain d04 for 

summer 2008; monthly difference in column averaged soil moisture between WRF and 

PFWRFFD (e through h), WRFPFIC (i through l), and PFWRF3D (m through p). 
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Figure 2.7 shows monthly averages of column-averaged volumetric soil moisture content 

for atmospheric models with differing terrestrial hydrology representation. Several comparisons 

can be made that highlight the relative influence of hydrologic initial condition, infiltration and 

drainage rates, and hydrologic model dimensionality on lower boundary moisture heterogeneity. 

WRF and WRFPFIC share lower boundary physics, including relaxing assumptions such as 

column-only flow, a shallow subsurface, and nonexistent groundwater or surface water routing. 

They differ only in their initial moisture condition, which in WRF’s case was supplied by the 

WPS downscaling of meteorological products, and in WRFPFIC’s by a ParFlow spinup to a 

hydrologic equilibrium state. Domain-wide initial moisture conditions supplied by the WRF 

Preprocessor are near field capacity in WRFPFIC’s top model layer (0.1 m) on April 12, while 

those supplied by ParFlow are highly heterogeneous, with higher soil moisture in topographic 

convergent zones and lower moisture in ridges. Column-averaged (0-2 m) initial soil moisture is 

0.26 and 0.22 for WRFPFIC and WRF, respectively. The hydrologic spinup’s lateral routing 

signature is most evident in May, when WRFPFIC simulates higher (lower) soil moisture in 

valleys (ridges) relative to WRF (Figure 2.7). The memory of lateral flow in WRFPFIC’s initial 

condition is slowly reduced over time, with WRFPFIC’s higher soil moisture maintained in 

convergent zones until August.  

WRF differs from PFWRFFD primarily in its infiltration schemes (see equations (2.1) 

through (2.3) for Noah LSM and (2.4) through (2.7) for ParFlow in Section 2.2.2) and lower 

boundary drainage. Both models share one-dimensional (vertical) soil column redistribution and 

complete removal of drained water from the subsurface. PFWRFFD exhibits significantly lower 

moisture in the soil column layer than WRF, which can largely be ascribed to soil hydraulic 

parameters: Water infiltrates and drains more efficiently in the PFWRFFD simulation, resulting in 

the largest reductions in soil moisture over the summer relative to other models. Notice that the 

difference between PFWRFFD and WRF increases throughout the summer, as the region becomes 

less energy-limited.  

Unlike WRFPFIC or PFWRFFD, which respectively decrease and increase in their 

difference from WRF through the summer, PFWRF3D is temporally consistent in its distinction 

from WRF’s simulated soil moisture (Figure 2.7). Some studies have suggested that the tendency 

for LSMs to remove water from the soil water balance through free-draining assumptions or 

saturation/infiltration excess runoff (e.g. Senatore et al., 2015; Yeh & Eltahir, 2005), allows 
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hydrologic models as lower boundary conditions (e.g. with deep, no-flow impermeable bedrock 

and the ability to reinfiltrate surface routed water) to retain more moisture in the soil column than 

LSMs. Throughout these simulations, despite evaporative drying of soils in an arid climate, 

PFWRF3D continues to route soil moisture laterally to maintain higher volumetric soil moisture 

in topographic convergence areas. Ridges in Noah LSM receive the highest amounts of 

orographic precipitation; in PFWRF3D, this recharge is routed to topographic lows, but 

PFWRFFD, WRF and WRFPFIC can only route the water downward.  

Spatial heterogeneity and dynamic redistribution of soil moisture in the lower boundary 

has an important impact on near-surface meteorological states. Surface turbulent fluxes, latent 

and sensible heat, are in particular strongly tied to the availability of soil moisture: Moisture-

limited environments are characterized by high evaporative fraction, which is simply the portion 

of the surface turbulent flux dedicated to latent heating. Evaporative fraction is given as, 

 

 
EF = KGKG + L 

 

(2.8) 

In (2.8), KG is latent heat, H is sensible heat, and these quantities are traditionally summed 

during daylight hours when calculating daily evaporative fraction. High evaporative fraction 

implies a dominance of latent heating, which provides evaporative cooling and facilitates moist, 

cool boundary layer development. The opposite is true of low evaporative fraction. In general, 

higher evaporative fraction implies lower boundary layer height, if no other external drivers such 

as topography or synoptic systems are in play. 
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Figure 2.8: a through d) monthly and column-averaged evaporative fraction over domain d04 for 

summer 2008; monthly difference in column averaged evaporative fraction between WRF and 

PFWRFFD (e through h), WRFPFIC (i through l), and PFWRF3D (m through p). 

 

Figures 2.8 and 2.9 show WRF-simulated daytime evaporative fraction (EF) and 

atmospheric boundary layer height (ABL, also known as planetary boundary layer height), 

respectively, along with the difference between WRF and simulations with adjusted hydrologic 

schemes. WRF evaporative fraction is highest during the spring and in regions characterized by 

evergreen needleleaf cells, likely influenced by late spring snowmelt and root zone transpiration 

(Figure 2.8). Boundary layer height peaks in late June, but decreasing late summer temperatures 

and rising humidity and pressure (see, for example, observations from Niwot Ridge AmeriFlux 

site in Figure 2.3a-c) result in lower simulated boundary layer height in August. Differences in 

spatial patterns between WRF and PFWRF3D are most obvious and easily explained. In valleys 

and streambeds, PFWRF3D increases soil moisture relative to WRF, while the opposite is true in 
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ridges. Evaporative cooling increases EF in PFWRF3D valleys relative to WRF. The resulting 

cool, moist (warm, dry) air in topographic lows (highs) yields shallower (deeper) daytime 

atmospheric boundary layer. Similar patterns occur in the WRFPFIC model, but as mentioned 

above, the initial condition pattern of streambed wetness has degraded considerably as lateral 

flow was not maintained. PFWRFFD experiences considerably lower EF and correspondingly 

higher ABL as a result of lower soil moisture; and, as in Figure 2.7, the difference between 

PFWRFFD- and WRF-simulated atmospheric states increases throughout the summer (Figure 2.9, 

2.5e-h). 

 

Figure 2.9: a through d) monthly and column-averaged daytime planetary boundary layer height 

over domain d04 for summer 2008; monthly difference in column averaged daytime planetary 

boundary layer height between WRF and PFWRFFD (e through h), WRFPFIC (i through l), and 

PFWRF3D (m through p). 
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2.3.3  The interaction between complex topography and hydrologic representation on 

land-atmosphere coupling 

Figures 2.7 through 2.9 show that the incorporation of lateral groundwater component in 

the lower boundary condition routes water to topographic lows, which promotes higher 

atmospheric boundary layer height in ridges and lower in valleys, relative to Noah LSM soil 

water configuration. The pattern of higher moisture yielding higher evaporative cooling and a 

subsequently lower boundary layer thickness is a pattern very well established in the literature 

(Kumar et al., 2010; Santanello et al., 2009, 2011, 2015). In this section, we discuss how these 

impacts to boundary layer interact with local topography to affect regional drivers of land-

atmosphere coupling, and in Section 2.3.4 we will discuss feedbacks to thermally driven flows 

and potentially regional precipitation patterns.  

Topographic controls on atmospheric boundary layer development are shown in greater 

detail in an east-west topographic cross section (transect shown in Figure 2.2), of soil moisture, 

surface skin temperature and atmospheric boundary layer height for all model configurations 

(Figure 2.10). Notice that soil moisture in WRF clearly follows model elevation, while soil 

moisture in PFWRF3D is highly variable, with the complex topography inducing steep gradients 

in soil moisture along slopes. If microtopography, slope aspect and slope magnitude were not 

factors, higher elevations should indeed have larger soil moisture values that persist through the 

summer given their higher relative precipitation, cooler temperatures and later snowmelt. 

However, given the influence of complex terrain on hydrologic flowpaths (Bachmair and Weiler, 

2011), topographic wetness index, upslope-accumulated area, or depth to water index may be 

more appropriate drivers to regional soil moisture heterogeneity and topographically-sensitive 

soil-atmosphere exchange than elevation alone (e.g., Riveros-Iregui et al., 2012). Models have 

estimated that equilibrium water table depth in the Rockies is highly spatially heterogeneous, 

varying over multiple orders of magnitude (Fan et al., 2007; Gleeson et al., 2011b; Maxwell et 

al., 2011). Manning et al. (2013) estimated that for a 2.5 km cross section across the continental 

divide, depth to the saturated zone varied from 0 to over 100 m in the two small bordering 

catchments; seasonal variations in water table depth were over 30 m. We believe the steeper soil 

moisture gradients introduced by PFWRF3D may be physically representative of a region of high 

topographic complexity.  
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Figure 2.10: Horizontal profiles of (from top) modeled planetary boundary layer height, surface 

skin temperature, soil moisture, and terrain height, along the cross-section shown in Figure 2. 

Values given for WRF (black), WRFPFIC (red), PFWRFFD (yellow) and PFWRF3D (blue) model 

results. 

 

The relationship between ABL height and topography, in which higher elevations yield 

lower temperatures and lower ABL height, is dampened by the inclusion of lateral flow in 

PFWRF3D (Figures 2.10 and 2.11), because EF becomes more sensitive to slope and topographic 

index than on elevation alone. Figure 11 shows atmospheric boundary layer height as a function 

of evaporative fraction for the four model configurations. Plotted are temporally averaged (for 

months May through August) daytime evaporative fraction and daytime atmospheric boundary 

layer height; each point on the scatter represents a cell in the primary Colorado Headwaters 
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Watershed (Figure 2.2), and Lowess smoothing has been added. Notice that PFWRF3D, and to a 

lesser extent WRFPFIC, exhibits lower slope and greater scatter for the ABL-EF relation.  

 

 

Figure 2.11: Atmospheric boundary layer height as a function of evaporative fraction for four 

model configurations. Each point represents the temporal mean for a cell in the primary 

Colorado Headwaters watershed. The solid line represents lowess smoothing with a smoother 

span of f=1/3. 

 

PFWRFFD showed the largest relative differences in magnitude of surface energy and 

ABL height relative to the WRF baseline simulation (Figures 2.7 through 2.9), as moisture is 

allowed to gravitationally drain from the lowest node based on conductivity alone, resulting in 

considerably less soil water content. Notice that while the overall magnitude of EF was most 
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sensitive to the free-draining condition, the slope and variability of the ABL-EF relationship is 

maintained relative to the WRF baseline, indicating that a free-draining condition (PFWRFFD) 

maintains topographic controls on ABL surface moisture dependency (Figure 2.11c). 

We also explore the temporal, rather than spatial, dependence of boundary layer height 

on EF with Spearman’s rank test, which is a non-parametric test given as  

 

 
M$ = 1 − 6∑ P6%0

672Q(Q% − 1) 
 

(9) 

The test was conducted to see if EF and boundary layer height timeseries, for a given cell, have 

similar shapes. In (2.9), then, di is the independent ranking difference between daytime EF and 

boundary layer height timeseries at day i and n is the number of days in the simulation. Figure 

2.12 shows the value of rs for each cell in the domain for the four model configurations. Blue 

regions indicate that trends in EF and boundary layer height were opposing predictors of one 

another, while red regions indicate that boundary layer development and evaporative fraction 

trended together. This latter instance (red) is contrasts known EF controls on turbulent fluxes 

discussed above (Santanello et al., 2009); however, positive rs values may indicate that the same 

external forcing directly influenced both EF and the boundary layer. For example, in all models, 

EF and atmospheric boundary layer height trend positively along the east side of the Front 

Range, a region influenced by convective storm formation caused by boundary layer 

convergence on the leeward side of topographic highs. These convective storm events are 

responsible for large summertime precipitation events in the uppermost High Plains regions, and 

large storms can increase evaporative fraction by increased recharge. 

 Grey regions in Figure 2.10 represent nonsignificant rs values (p>0.05). 

Importantly, Figure 2.10 suggests that not only does the PFWRF3D hydrologic scheme increase 

the number of cells in which the EF-boundary layer correlation is insignificant, it can actually 

reverse the correlation of trends. This is the case for many cells within the Colorado Headwaters 

watershed, with Spearman’s rs shifting from negative (expected) to positive. This has 

implications for choice of hydrologic scheme and its control on averages and spatial patterns of 

lower atmosphere states (e.g. Figure 2.4), but it also implies that lower boundary representation 

and soil moisture redistribution methods can shift the direction of modeled land-atmosphere 
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coupling mechanisms. Topographic convergence regions where the correlation is not statistically 

significant for PFWRF3D may indicate that lateral flux from nonlocal regions (e.g. streamflow 

following snowmelt in June) changes EF timing and allows soil water to persist longer in the 

summer, constraining moisture limitation. WRFPFIC shows some of these added regions where 

EF and ABL are not monotonically correlated. Also notice the similarities for some regions in 

red between PFWRF3D and PFWRFFD. In these regions, infiltration and drainage rate may play a 

more important role in ABL-EF coupling relative to lateral routing. 

 

 

Figure 2.12: Spearman’s rs value for the correlation between atmospheric boundary layer height 

and evaporative fraction timeseries at every cell in the domain. Correlations were calculated 

using timeseries from May 1 through August 31. a) through d) represent results from WRF, 

PFWRFFD, WRFPFIC and PFWRF3D, respectively. Blue colors represent opposing trends in shape, 

while red indicates timeseries that positively correlate. Grey regions represent nonsignificant 

values (p > 0.05). 

 

2.3.4  Feedbacks from subsurface hydrology to moist convection and anabatic flows 

Perturbations to land surface and atmospheric states propagate into regional patterns of 

wind and moisture caused by microtopography. In this section we address the influence of LSM 

hydrology on the diurnal cycle and on regional circulation and precipitation, suggesting two 



 35 

primary mechanisms for changes to rainfall events: up-slope flows on warm summer afternoons 

and moist convection in valleys. 

Figures 2.13 and 2.14 show the development of the convective boundary layer during an 

average diurnal signal for the four model configurations. Shown are mean diurnal signals of 

specific humidity (Q), potential temperature (θ), and vertical wind speed (W), averaged over 

valleys (Figure 2.13) and ridges (Figure 2.14) west of the Continental Divide. Diurnal signals 

were averaged during the month of June due to the higher frequency of clear sky days relative to 

other months of the simulation. We define ridges and valleys in terms of groundwater 

convergence to discharge zones: Figure 2.13 shows diurnal signals over grid cells containing 

major streambeds in the Colorado Headwaters, Blue, and Eagle watersheds, while Figure 2.14 

subsets topographic local maxima with water table depths of at least 30 m.  

The grouping of June diurnal signals based on topographic convergence zones highlights 

differences in radiative convection development and mountain and valley breezes. While 

maximum ABL height is over 200 m lower than valleys than ridges, the temporal development 

of WRF convective boundary layer height, humidity and temperature is similar in both locations, 

with boundary layer height peaking at approximately 1500 hours local time (Figures 2.13a,b and 

2.14a,b). Ridges show a mountain and valley breeze signal, with daytime radiative heating 

causing upward (Figure 2.14c). Daytime vertical wind speed over valleys is slower and 

characterized by downward movement in the lower convective layer (Figure 2.13c). These 

anabatic mountain-valley circulations, typical systems of mesoscale thermal convection in the 

Rocky Mountains, occur when mountain slopes warm from radiative forcing, causing warm air 

to rise upslope, which eventually cools and sinks to collect in valleys (Defant, 1951; Rampanelli 

et al., 2004). Turnipseed et al. (2004) identify buoyancy-driven daytime upslope winds as a 

primary driver of regional atmospheric flow in this region, along with mountain gravity waves 

and strong wintertime winds. 
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Figure 2.13: Top) Mean diurnal vertical profiles of WRF-simulated humidity (a), potential 

temperature (b), and vertical wind speed (c), averaged spatially over valleys and temporally 

during the month of June. Bottom three rows) Difference between WRF_simulated diurnal 

values and those simulated by PFWRFFD (d-f), WRFPFIC (g-i), and PFWRF3D (j-l). Diurnal cycles 

are shown in local time, such that Hour 0 indicates 0700 UTC. 
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Figure 2.14: Top) Mean diurnal vertical profiles of WRF-simulated humidity (a), potential 

temperature (b), and vertical wind speed (c), averaged spatially over ridges and temporally 

during the month of June. Bottom three rows) Difference between WRF_simulated diurnal 

values and those simulated by PFWRFFD (d-f), WRFPFIC (g-i), and PFWRF3D (j-l). Diurnal cycles 

are shown in local time, such that Hour 0 indicates 0700 UTC. 
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For the PFWRFFD (free draining) and WRFPFIC (hydrologic model initialized soil 

moisture) configurations, perturbations to humidity and temperature do not heavily depend on 

valley or ridge classification. PFWRFFD simulates lower humidity and higher temperatures than 

WRF, and these differences are most pronounced during the morning hours (1000 to 1100 local 

time), facilitating higher ABL height, especially around noon (Figure 2.13d,e and Figure 

2.14d,e). WRFPFIC simulates moister, cooler, and lower ABL than WRF throughout the day, with 

differences peaking at 1400-1500 hours (Figure 2.13g,h and Figure 2.14g,h). Nighttime 

boundary layer is also impacted, with WRFPFIC exhibiting higher potential temperature, 

especially during the early morning hours (Figure 2.13h and Figure 2.14h). PFWRF3D shows 

similar behavior to WRFPFIC, with a dramatic decrease in boundary layer height over valleys; 

however, changes to humidity, temperature and vertical wind speed are dampened over ridges. In 

a water-limited environment such as this, increased moisture availability in valley floors (a 

function of lateral groundwater transport and water table convergence) leads to a more efficient 

evaporative cooling than in ridges (Figure 2.13j,k) for PFWRF3D. In June, the lateral routing 

scheme results in no significant change in mean boundary layer height over ridges (Figure 2.9n, 

Figure 2.14j), contrasting the more than 200 m decrease in ABL height over valleys relative to 

WRF (Figure 2.13j). 

Subsurface-driven perturbations to vertical winds suggest sensitivity of mountain-valley 

breeze patterns to soil moisture distributions. PFWRFFD simulates higher upward winds over 

ridges relative to WRF, a result of higher surface temperatures and rising eddies (Figure 2.14f); 

however, the free-draining model shows noisy perturbations to vertical winds over valleys, likely 

dampened and more chaotic due to leeward valley turbulence. In valleys, both PFWRF3D and 

WRFPFIC have reduced upward air movement compared to WRF, a function of cooler surface 

temperatures (Figure 2.13i,k). However, unlike WRFPFIC,  PFWRFFD shows increased upward 

breezes above ridges during morning hours; such a combination could strengthen the morning 

development of mountain-valley circulation patterns. 

These systematic changes in diurnal thermal regimes, vertical air flow, and spatial 

organization of surface moisture (Figures 2.7 through 2.9) result in perturbations to regional 

convection and precipitation. Figure 2.15 shows differences in cumulative precipitation fields 

between the baseline WRF model and PFWRFFD, WRFPFIC and PFWRF3D. Largest magnitude 

changes are focused on the leeward side of the continental divide for all four models, 
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highlighting the sensitivity of solenoidal circulation, in which both thermally-driven flows and 

horizontal convergence of the ABL drive convection over mountain ridges (Kirshbaum et al., 

2018), to lower boundary condition hydrology. However, precipitation differences between 

model configurations and the WRF baseline are inconsistent not well organized. Below, we 

discuss possible and opposing forces driving increases or decreases in precipitation. 

Moist orographic convection can occur when a saturated, rising air parcel accelerates 

away from its initial position, causing moist static instability. Figure 2.15e shows WRF mean 2 

p.m. maximum convective available potential energy (CAPE) averaged over the summer 

simulation. CAPE is the buoyancy between the level of free convection and the level of neutral 

buoyancy (Kirshbaum et al., 2018) and is a measure for the potential for lifting, convection, 

storm generation and severe weather. Note that for this domain, while the mean afternoon CAPE 

typically ranges between 100 and 300 J kg-1, large synoptic storms in the late summer can cause 

CAPE to reach over 1500 J kg-2 in some locations; we have found that perturbations to these 

large convective events from the lower boundary to be highly noisy and disorganized. However, 

low levels of CAPE persist from April through June, with domain-averaged afternoon CAPE 

approximately 55 J kg-2. Only 6 individual days in May experience a domain maximum CAPE of 

over 400 J kg-2. The largest CAPE values on average occur at 2 p.m. local time. 

Differences between mean WRF 2p.m. CAPE and the three lower boundary tests are 

shown in 2.15f-h. Kirshbaum et al. (2018) suggest that in order for moist convection initiation to 

occur for cloud generation along mountain ridges, convective energy must be sufficient enough 

to overcome adverse forces, such as ABL entrainment, which can reduce cloud buoyancy 

through evaporative cooling. By reducing available moisture at the surface, the PFWRFFD 

simulation reduces CAPE compared to WRF. PFWRFFD also may have resulted in perturbed 

entrainment of dry air from the troposphere and exhibited an overall drier convective boundary 

layer. WRFPFIC shows the opposite effect: an overall wetter initial soil moisture condition 

increases 2 p.m. CAPE by up to 38 J kg-2 across the domain relative to WRF, and the boundary 

layer is generally wetter. 
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Figure 2.15: Cumulative precipitation (a) and mean 2:00 p.m. daily maximum convective 

potential energy (c) for WRF. Difference from WRF baseline for cumulative precipitation (b-d) 

and maximum convective potential energy (f-h) for PFWRFFD, WRFPFIC, and PFWRF3D, 

respectively. 
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Figure 2.16: Difference between the control WRF simulation and PFWRFFD (a,d,h), WRFPFIC 

(b,e,i) and PFWRF3D (c,f,j) values for evaporative fraction (a-c), maximum convective available 

potential energy (d-f) and prevailing wind speed (h-j). Topographic contours between 2000 and 

3500 m are overlain and a wind rose for the prevailing flows is shown. 
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PFWRF3D exhibits more variability in its influence on CAPE from the control WRF 

simulation: PFWRF3D CAPE is higher on ridges along the Colorado Headwaters boundary but 

lower along the east slope of the Front Range. To highlight where these changes occur, Figure 

2.16 zooms in on a ridge and valley on the northern of the Blue watershed, showing the 

difference between the WRF control simulation and PFWRFFD, WRFPFIC and PFWRF3D. Shown 

are evaporative fraction, CAPE and wind speed in the direction of the prevailing winds. Notice 

that PFWRF3D experiences higher latent heating and correspondingly higher CAPE (up to 40 

percent higher) in the Blue watershed valley (Figure 2.16c), while CAPE along the southwest 

ridge decreases by 5 to 15 percent (Figure 2.16f). This effect is noisy, indicating that latent 

heating is not the only driver impacting convective energy. To some extent, WRFPFIC shows a 

similar pattern, but the effect is much less clear. 

In general, higher CAPE creates more favorable conditions for ascending cloudy thermals 

and potential orographic precipitation, suggesting that WRFPFIC, and ridges in PFWRF3D may 

have slightly higher potential for precipitation; however, thermally-driven flows can also cause 

cloudiness over ridges by ABL convergence from prevailing winds and upslope flows 

(Kirshbaum et al., 2018). Figure 2.16g-I shows the difference between WRF 10 m wind speed 

(in the direction of the prevailing westerly winds) and that of the three other hydrologic schemes. 

In PFWRFFD, lateral winds speed is higher, with the leeward side of ridges being less sensitive to 

perturbations from the free-draining condition. WRFPFIC shows reduced wind speed in valleys, 

possibly an effect of increased vertical lifting of moist air through latent heating. In Figure 2.16, 

PFWRF3D exhibits slower mean westerly winds within the valleys and especially on the 

northeast slopes, which could indicate that daytime upslope flows are stronger or more frequent. 

Given that westerly winds on the windward slope in Figure 2.16 are higher in the PFWRF3D 

case, it suggests that incorporating lateral groundwater flow increases the strength of prevailing 

and opposing upslope winds converging over ridges in this location, which could increase ABL 

convergence over ridges. These results, as well as those in Figures 2.13 and 2.14, corroborate the 

idea that surface moisture and temperature anomalies, which are highly dependent upon soil 

moisture redistribution schemes, can affect the strength of regional anabatic flows. Other studies 

have shown sensitivity of mesoscale mountain-breeze circulations to subsurface moisture: In 2D, 
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idealized models, Ookouchi et al. (1984) showed that soil moisture spatial heterogeneity could 

affect mountain-breeze strength, and Bossert and Cotton (1994a, b) found similar sensitivity of 

Front Range upslope flows to soil moisture-induced temperature anomalies. These effects can 

have complicated and contrasting impacts to regional precipitation; we recommend that the 

coupled hydrology-atmosphere community continue to explore these possibilities with 

controlled, idealized experiments and realistic mesoscale simulations. 

 

2.4 Conclusions 

This study presented results from summertime WRF simulations in the Rocky Mountain 

headwaters region in 2008. A suite of four models were run with various adjustments to the 

Noah LSM representation of soil moisture redistribution and terrestrial hydrology: a default 

WRF control case; a deep, free-draining model with an adjusted infiltration scheme and soil 

hydraulic parameters (PFWRFFD); a default WRF model initialized with a hydrologic model 

spinup for soil moisture (WRFPFIC); and a fully-coupled, three-dimensional representation of 

integrated subsurface-surface hydrology (PFWRF3D). 

Results showed considerable differences in soil moisture and evaporative fraction, 

planetary boundary layer characteristics and land-atmosphere coupling. Lateral subsurface flow 

routes moisture from hilltops to valleys, resulting in comparatively cooler, moisture, and lower 

ABL in regions of topographic convergence. For a region of predominantly orographic 

precipitation, in which topographic highs receive the greatest amount of recharge, the ability for 

water in the soil column to flow in response to complex terrain influences local circulation 

patterns and meteorological forecasts. Unlike traditional LSMs, PFWRF3D transports the 

elevation-dependent precipitation to topographic lows. Lateral groundwater flow incorporation in 

the atmospheric model was shown to affect low levels of convection, particularly by increasing 

the mean afternoon convective available potential energy in river valleys, and it may increase the 

strength of anabatic mountain-valley circulation.  

The results are of major consequence to studies of groundwater-atmosphere coupling and 

feedbacks; in particular, there is much work to be done in examining the impact of LSM 

hydrologic physics on convection and precipitation. Vivoni et al. (2009) showed that antecedent 

moisture conditions significantly influence precipitation predicted by WRF during the North 

American monsoon in the southwest United States. They found that simulated cumulative 
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rainfall was sensitive to a multiplier applied to the initial soil moisture fields, with higher 

antecedent moisture portending higher evapotranspiration and precipitation rates. The results of 

this study also implicate the use of hydrologic models to establish initial soil moisture 

conditions, for: 1) mechanistic representation of local moisture redistribution, to supplement 

downscaled conditions from coarse-resolution atmospheric products (Peng et al., 2017), 2) 

initializing moisture at an equilibrium state in order to minimize initial condition bias, and 3) 

limiting the higher computational demands of a fully-coupled, hydrology-atmosphere modeling 

platform. 

Our comparison of meteorological simulations that employ different lower boundary 

conditions highlights a fact already well established in the literature: that both soil moisture and 

groundwater provide important controls on planetary boundary layer development. Given that 

incorporation of a lateral flow component not only changes the magnitude and spatial 

heterogeneity of both turbulent fluxes and ABL height, but also mechanistically adjusts the 

physical coupling between land and atmosphere, the results here warrant further investigation of 

LSM hydrologic assumptions.  

 

2.5 Data Availability Statement 

The coupled WRF-ParFlow model is openly available at https://github.com/parflow. 

Raw model data were generated using computational resources provided by the National Center 

for Atmospheric Research Computational and Information Systems Laboratory. Model outputs 

are available from the authors upon request. 
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CHAPTER 3 

FIDELITY AND BIAS ANALYSIS OF A CONTINENTAL-SCALE,  

INTEGRATED HYDROLOGIC MODEL 

 

Modified from a manuscript in preparation for submission to Geoscientific Model Development 

 

Mary M. Forrester1,*, Reed M. Maxwell1, Laura E. Condon2, Danielle T. Tijerina1 

 

3.1 Introduction 

Modeling the terrestrial water cycle at the global scale and at high resolution has recently 

been referred to as the “grand challenge to hydrology” (Bierkens et al., 2015; Wood et al., 2011), 

an undertaking that has excited the hydrologic community and encouraged the development of 

large-scale modeling efforts, workshops and working groups. These “everywhere and locally 

relevant” models (Bierkens et al., 2015), by providing spatially ubiquitous and hyper-resolution 

(<=1 km2 lateral resolution) simulations, would present profound benefits to scientific, 

computational and infrastructural hydrology applications.  

Such macroscale models would attempt to simulate groundwater dynamics, fluctuating 

water tables, soil moisture, vadose zone fluxes, infiltration, surface runoff and discharge, all in a 

coupled or integrated setting that maintains known physical relationships at relatively hyper-

resolution for the domain extent. From a societal perspective, continental- and global-scale 

hydrologic modeling enable operational forecasting and planning in regions where such models 

are unavailable or poorly constrained by scarce or nonexistent observations, such as developing 

countries (Group on Earth Observations, 2009). However, even well-monitored countries with 

dedicated operational systems can benefit. Global and continental hyper-resolution models could 

encourage stakeholders, municipal service providers, and policy makers to communicate and 

span boundaries of water governance in inter-state or international agreements. They may also 

improve stakeholder understanding of model performance: For global land and circulation 

 
1 Hydrologic Science and Engineering Program, Geology and Geological Engineering Department, Integrated 

GroundWater Modeling Center, Colorado School of Mines, Golden, Colorado, USA 
2 Department of Hydrology and Atmospheric Sciences, University of Arizona 

* Principal author of manuscript, responsible for modeling and analysis. Reed M. Maxwell, Laura E. Condon, and 

Danielle T. Tijerina contributed to manuscript editing, brainstorming, and some data processing. 



 46 

models, using ground-based observations for validation is unconvincing at best when 

homogeneous model cells span hundreds of kilometers; as Beven and Cloke (2012) point out, 

hyper-resolution hydrologic model output can be more appropriately compared to point-scale 

measurements, making it easier for local water managers to identify areas of poor model 

performance. Bierkens et al. (2015) discuss several scientific large-scale scientific fields that 

would benefit from locally relevant hydrologic process representation, such as global 

biogeochemical cycling, soil erosion and sediment transport, and global flood risk. Global and 

continental land surface models (LSMs), which originated as lower boundary conditions for 

weather and climate models and therefore have focused on radiation budget (rather than water 

budget) partitioning at the earth’s surface, could hypothetically be informed by, coupled to, or 

initialized by high-resolution hydrologic models to facilitate improved physical representation of 

soil-atmosphere moisture exchange (e.g., Gebler et al., 2017). Further, large-scale hydrologic 

models could be used to better understand or constrain results from remote sensing; for instance, 

LSMs may be used in forward modeling approaches to estimate signal attenuation in remote 

sensing of total water storage change (Landerer & Swenson, 2012a), but the estimation of 

attenuation error can be sensitive to the LSM of choice and its hydrologic process representation 

(Long, Longuevergne, et al., 2015), especially in arid regions and smaller basins. 

Given the lack of spatially and temporally continuous hydrologic measurements across 

the globe, as well as their associated computational demand, rigorous parameter calibration at 

these scales is infeasible. Distributed macroscale hydrology models must instead rely on a priori 

information and datasets informed by field measurements or hydrologic theory; or, less 

commonly, they can employ regionalization approaches to transfer calibrated parameters from 

gauged to ungauged catchments (Beck et al., 2016). As Wood et al. detail (2011), this has 

necessitated consummate improvement in macroscale observation networks and airborne or 

remote sensing missions to inform soils, geology, elevation, atmospheric forcing and lithology. 

The HydroSHEDS hydrography dataset (Lehner et al., 2008), for instance, is a result of NASA’s 

Shuttle Radar Terrain Mapping (SRTM) mission to produce sub-100 m gridded digital elevation 

data. Several coarse-resolution global soil datasets exist for population of soil texture classes in 

Earth System Models (Harmonized world soil database v1.2 | FAO SOILS PORTAL | Food and 

Agriculture Organization of the United Nations, n.d.; Shangguan et al., 2014), but higher-

resolution products are generally limited to regional or national soil databases; for the United 
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States, the Soil Survey Geographic Database (SSURGO) provides digitized maps of soil 

properties at scales ranging from 1:12,000 to 1:63,360 (Description of SSURGO Database | 

NRCS Soils, n.d.). Spatially distributed global permeability and porosity for deeper substrate has 

been synthesized by, for example, the U.S. Geological Survey (Survey, 2003), BGR/Unesco 

(BGR & Unesco, Groundwater Resources of the World, n.d.), and GLHYMPS (Gleeson et al., 

2014). Satellites have provided an unprecedented increase in available products that can readily 

be applied to meso- and macroscale hydrologic applications, including model validation. Active 

and passive microwave sensors have provided hydrologists with soil moisture estimates (e.g., the 

Soil Moisture Active Passive Mission, or the European Space Agency Soil Moisture Climate 

Change Initiative), and thermal infrared monitoring can resolve the surface energy balance at 

high resolution (e.g., the NASA Moderate Resolution Imaging Spectroradiometer, or MODIS). 

Other remote sensing missions have estimated terrestrial water storage change using satellite-

measured fluctuations in Earth’s gravity field (NASA’s Gravity Recovery and Climate 

Experiment). 

With the progress made in globally available and openly accessible hydrologic fields, not 

to mention advancements in computational efficiency, massively parallel clustered computing 

resources (e.g., Kollet et al., 2010), and data storage, several hyper-resolution, continental- or 

global-scale modeling efforts have begun over the last decade. Some fine examples include 

physically based platforms, such as the Terrestrial Systems Modeling Platform (TerrSysMP), a 

fully integrated soil-vegetation-atmosphere model, employed over the European CORDEX 

domain (Keune et al., 2016); and integrated groundwater-surface water modeling over the 

continental United States with ParFlow v3 (Maxwell et al., 2015). Others have used a global 

water balance approach, like WaterGAP (Petra Döll et al., 2003), as well as PCR-GLOBWB 

(Sutanudjaja et al., 2018), which was recently coupled to MODFLOW at globally 1-km 

resolution (de Graaf et al., 2017). High-resolution land surface modeling has begun to include 

topographically informed routing of surface or subsurface water storage; for example, the Land 

Information System software group (Zaitchik et al., 2010) or Noah-MP (G. Y. Niu et al., 2011); 

and operational flood forecasting from the National Water Model v2.0 (Office of Water 

Prediction, water.noaa.gov/about/nwm).  

While global and continental hydrologic representation continue to improve, the extreme-

scale hydrologic modeling community still faces several challenges (Bierkens et al., 2015), not 
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the least of which is quality, uncertainty and coverage in forcing or parameter datasets (other 

challenges include computational demand in terms of processing hours and storage demand, as 

well as disparities between hydrologic process definitions at multiple-degree and sub-km scales). 

In a comment on the “grand challenge” of global hypre-resolution hydrologic modeling 

presented by Wood et al. (2011), Beven and Cloke (2012) discuss epistemic uncertainties, which 

can be present in parameterization, process representation and scaling. Many hydrologic models 

at this scale do not include diversions, extractions or other anthropogenic effects; and even in 

developed regions, accurate reports of water resource usage are lacking in temporal or spatial 

coverage. Even more of a concern are hyper-resolution atmospheric products: Studies have 

shown that global meteorological forcing datasets are full of inaccuracies and often incapable of 

providing precipitation at accurate enough or high enough resolution to appropriately model 

hydrologic processes (Döll & Fiedler, 2008).  

The work presented here details the results of a hyper-resolution continental-scale 

hydrologic model; more importantly, we thoroughly discuss performance of integrated water 

balance components by validating model estimates relative to state-of-the-art monitoring 

networks and remote sensing products, identifying regions where model uncertainty may be a 

direct result of inadequacies in meteorological forcing or terrain processing. We focus on 

performance of the ParFlow v3 integrated groundwater-surface water simulations across the 

continental United States (hereby referred to as CONUSv1) (Maxwell et al., 2015). Since its 

construction, the CONUSv1 model has been updated to a ParFlow-CLM simulation, in which 

ParFlow is coupled to the Common Land Model to capture surface energy partitioning and land 

surface fluxes (Maxwell & Miller, 2005). Recent publications have used the CONUSv1 model to 

1) diagnose mechanistic relationships between water table depth, topography, recharge and 

evapotranspiration at a range of scales (Condon et al., 2015; Condon & Maxwell, 2015, 2017); 2) 

characterize groundwater controls on evapotranspiration partitioning (Maxwell & Condon, 

2016); 3) exploring anthropogenic impacts to the water and energy balances, such as impacts to 

evapotranspiration, streamflow and groundwater from aquifer depletion (Condon et al., 2020; 

Condon & Maxwell, 2019); and 4) estimate water residence times and their sensitivity to climate 

and geology (Maxwell et al., 2016). In this study, we take advantage of advancements in 

atmospheric forcing and in United States observation networks and datasets, to implement 1-km 
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integrated simulation of groundwater, surface water and surface energy across the continental 

United States with the CONUSv1 model. The primary goals of this paper are: 

1. For the hyper-resolution, continental-scale hydrologic community, provide hyper-

resolution daily estimates of water balance components under natural conditions for 

contiguous U.S. watersheds using the CONUSv1 model. 

2. Analyze CONUSv1 performance by comparing all simulated water balance components 

to available point measurements and remote sensing products.  

3. Identify spatial regions of high and low confidence in modeled water budget partitioning. 

4. Discuss sources of error in model and prioritize areas of improvement for future model 

development. 

Unlike previous CONUSv1 studies which were limited to a single pre-development water 

year (1985), the simulation here encompasses three modern water years. Running multiple water 

years allows for both inter- and intra-annual variability in water balance components and greater 

noise reduction in long-term model performance evaluation; however, inter-annual and seasonal 

performance metrics are not reported, for the sake of brevity. Instead, we focus on spatial 

variability of the CONUSv1 predictive capacity, intending to highlight spatial regions of high or 

low confidence in model results. Following a description of integrated modeling methodology in 

Section 3.2, CONUSv1 performance for all water balance components are reported in a spatially 

distributed fashion in Section 3.3. Model performance results are followed by a discussion of 

bias sources in Section 3.4, with careful attention to error propagation from atmospheric forcing 

datasets. The results of this study provide guidance for future CONUSv1 development, while 

also implicating the improvement of atmospheric forcing datasets and topographic processing 

algorithms to advance the field of continental-scale hydrology. 

 

3.2 Methods 

3.2.1 Modeling the integrated water and energy balance with ParFlow-CLM 

The full water balance for a given hydrologic unit can be generally expressed as R60 −
R89. = ∆2, where Iin and Iout represent the hydrologic inflows and outflows to some control 

volume, and ∆2 is the change in water storage within the control volume. More specifically, the 

full water budget for a watershed under natural (nonanthropogenic) conditions can be written as 
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F+-60 + F$08* + T60 − T89. + -60 − -89. − GH:/; − GH<6+ =   (3.1) 

∆2$86= + ∆2$9+> + ∆2;* + ∆2$08*. 

 

In (3.1), inflows to the watershed are precipitation in the form of rain or snow (Prain, 

Psnow), surface runoff entering the basin from upstream areas (Rin), or subsurface influx (Qin). 

Water may leave the watershed in the form of surface runoff (Rout), evapotranspiration from 

transpiration (ETveg) or evaporation from bare surfaces (ETdir), or as groundwater flux to 

downstream basins (Qout) or deeper reservoirs (Qrecharge). These fluxes have a net impact to yield 

increases or decreases to sources of basin water storage, such as soil and groundwater reservoirs 

(∆2$86= and ∆2;*), surface water ponding (∆2$9+>), or storage as snow water equivalent 

(∆2$08*). This description of the water budget equation (3.1) is illustrated in Figure 1a, and it 

may be amended to incorporate other components particular to a watershed; these could include 

anthropogenic fluxes and storage like irrigation, dam storage or pumping, or they could be 

unique traits of the basin such as fractured flow, lacustrine groundwater discharge, or seawater 

intrusion. Equation (3.1) may also be simplified by lumping precipitation, evapotranspiration and 

storage components, and also by ignoring surface and subsurface inputs external to watershed 

divides which, for large enough control volumes, will be negligible (Figure 1b). The water 

balance may then be simply expressed as, 

F − GH − T = ∆2     (3.2) 

 

for precipitation P, evapotranspiration ET, surface runoff R, and total change in all storage 

sources, ∆2. 

In this study, the complete water balance (equation (3.1), Figure 1a) is modeled using 

ParFlow-CLM (Kollet & Maxwell, 2006; Maxwell & Miller, 2005), an integrated groundwater-

surface water model which uses the mixed form of Richards’ equation to simulate three-

dimensional variably saturated flow. The Richards equation is given as 

 

2$2U0?V @"!@. + 4 @A("!)
@. = Δ ∙ X−,$(D);+U0?V ∙ ∇U0? − %VY + 8$  (3.3) 
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for specific storage 2$, relative permeability S, pressure head 0?, hydraulic conductivity tensor 

,$, relative permeability ;+, at depth z and time t. In (3.3), relative permeability varies with 

pressure head through time based on relationships established by van Genuchten (1980), and 8$ 
is a source-sink term. A free surface overland-flow boundary condition for continuity of pressure 

and flux applies to the groundwater flux term across the land surface and subsurface interface. 

The kinematic wave approximation of the momentum equation is used to solve overland flow, 

which is a function of ponded depth given by Manning’s equation, 

Z = DA"
0 0?%/(     (3.4) 

 

where n is Manning roughness coefficient. Note that the friction slope S0 in (3.4) is used to 

approximate the bed slope in the kinematic wave approximation. 

 

 

Figure 3.1: A conceptual model of the a) complete and b) simplified water budget for a 

hydrologic control volume, corresponding to equations (3.1) and (3.2). 

 

ParFlow is coupled with the Common Land Model (CLM) (Dai et al., 2003), a land 

surface model which balances energy and calculates evapotranspiration at the land surface, in 

order to simulate the coupled water and energy budgets. CLM requires atmospheric conditions 

(precipitation, temperature, specific humidity, wind speed, and longwave and shortwave 

radiation) in order to provide hourly partitioning of net radiation into sensible, latent, and ground 

heat. Shown in equation (3.5), the CLM calculates direct evaporation (ETground  in equation (3.1)) 
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using the gradient between specific humidity at the ground surface qg and at a reference height 

qa, which is scaled by air density [-, atmospheric resistance M<, and a soil resistance term \. 

 

GH<6+ = −\[- E#)E$+%
    (3.5) 

 

To calculate transpiration, CLM adjusts potential evapotranspiration ETpot, by stomatal and 

aerodynamic resistance terms as follows: 

GH?8. = [- (F&''A&')+(
(8> − 8G)   (3.6) 

GH:/; = GH?8. × F%+(
F&'

. F&'
+('+)

/   (3.7) 

 

Potential transpiration (3.6) is a function of leaf and stem area index ^HI and 2HI, boundary layer 

resistance M&, air density [- and the gradient of specific humidity between foliage and canopy, 

8> − 8G, while actual transpiration (3.7) further depends on the fraction of dry canopy ^< and the 

stomatal resistance M$. Note that leaf and stem area index and stomatal resistance terms are 

parameterized by plant functional types, defined per cell without multilayer capability or 

fractional vegetation. For further explanation of ET calculations in ParFlow-CLM, see Jefferson 

et al. (2017). 

 

3.2.2 CONUSv1 configuration, parameters and inputs 

The CONUSv1 model represents the first integrated groundwater-surface water model 

employed at the continental scale at hyper (1-km) resolution. A full description of the model 

configuration and inputs can be found in Maxwell et al. (2015) and Maxwell and Condon (2016), 

but a brief summary is given below. 

Spanning roughly 6.3 million km2 at 1 km lateral grid spacing, the CONUSv1 model 

encompasses the majority of eight major river basins in the United States at high resolution, 

including the Ohio, Missouri, Arkansas, Mississippi, and Colorado River Basins. The model is 

composed of 3442 cells in the x (east-west) direction and 1888 cells in the y direction (north-

south). Its five vertical layers of variable thickness provide a cumulative vertical depth of 102 m. 

From the top, soil layers are 0.1, 0.3, 0.6, and 1 m, respectively. Topographic slopes were 

calculated using the Barnes et al. (2016) algorithm, applied to the shuttle elevation derivatives at 
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multiple scales (HydroSHEDS) digital elevation model, to guarantee a connected drainage 

network. Vegetation classes for characterization of plant functional parameters were provided by 

the IGBP land-cover classifications and USGS land-cover dataset. Distributed, heterogeneous 

soil parameters, including saturated hydraulic conductivity, porosity, and van Genuchten 

parameters, were assigned to spatial soil units described by the soil survey geographic database 

(SSURGO). Geologic units for the bottom, 100-m thick layer of the CONUSv1 model were 

developed from the Gleeson et al. (2011) national permeability map. Estimates from Gleeson et 

al. (2011) were adjusted using the e-folding relationship described in Fan et al. (2013), which 

accounts for topographic complexity, and variance in permeability was also reduced. No-flow 

boundary conditions were imposed at the bottom of the model domain (assuming impermeable 

bedrock) and on the sides. Note that with a model depth of just over 100 m, the model may more 

appropriately be considered a shallow aquifer storage model. Deeper ∆2 contributions are not 

resolved, which may not represent deeper hydrologic flow paths of thick and expansive aquifers 

such as the Ogallala, the saturated thickness of which can exceed 300 m (McGuire et al., 1980); 

however, as Maxwell et al. (2015) explain, the current model thickness and vertical discretization 

is limited not by computational expense but by data availability, with a lack of detailed depth-to-

bedrock and aquifer thickness estimates at meaningful resolution.  

Initial conditions were provided by an intensive spinup process. First, a steady-state 

ParFlow groundwater configuration was run continuously without CLM; this model was forced 

by an average surface recharge flux derived from Maurer et al. (2002) and run continuously until 

the difference between outflow and recharge rates was less than 3 % of total water storage 

change. A full description of this steady-state model and its performance can be found in 

Maxwell et al. (2015). Second, and using the initial condition provided by the steady-state 

model, a transient system was simulated with the fully coupled ParFlow-CLM for water year 

1985, the most climatologically average water year within the past 30 years. As described in 

Maxwell and Condon (2016), atmospheric forcing was bilinearly interpolated from the North 

American Land Data Assimilation System Phase 2 (NLDAS 2) (Cosgrove, 2003; Xia, Mitchell, 

Ek, Sheffield, et al., 2012). For spinup purposes, the transient simulation was run continuously 

for four years of repeated 1985 atmospheric forcing to provide an initial condition for the 

simulation in this study. Thus, the initial condition provided here represents pressure head, soil 

moisture and surface energy balance conditions that would be present during the most 
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climatologically average water year in recent history. Since the model does not incorporate 

anthropogenic abstractions in the form of pumping, injections, irrigation or surface water 

diversions and dam storage, the initial conditions provided also represent a pre-development 

scenario. 

For this study, CONUSv1 was run for modern-day water years using initial conditions 

provided by the transient spinup process described above. The simulation here was run at hourly 

temporal resolution for water years 2003 through 2005. Atmospheric forcing originated from the 

12 km NLDAS-2 product (Xia et al., 2012); however, finer resolution products were blended in 

where available and elevation effects were incorporated to produce higher resolution, more 

physically realistic meteorological variables. Such products included the 4 km Stave IV and 

Stage II radar and gauge products and Level 2 shortwave radiation from the GOES Surface and 

Insolation Products (GSIP). These adjustments to the 12 km NLDAS data and the finer 

resolution products are described, for example, in Pan et al. (2016) and include the following: 

gap-filling and daily rescaling procedure to ensure the Stage IV hourly data match daily totals 

from NLDAS-2; adjustments to timing for the GSIP Level 2 data based on solar angles; and 

elevation-dependent downscaling of 12 km NLDAS-2 products, such as hydrostatic effects for 

atmospheric pressure and lapse rates for specific humidity, air temperature and longwave 

radiation. The final atmospheric variables were interpolated using bilinear interpolation to the 1-

km CONUSv1 grid. 

An important consideration when attempting high resolution integrated models of this 

kind is of course the computational demand. ParFlow-CLM solves the globally implicit solutions 

to nonlinear and coupled equations in (3.3) through (3.7) with a Newton-Krylov parallel solver 

(Jones & Woodward, 2001); the associated significant computational challenge is tackled with a 

multigrid preconditioner and highly scaled parallel efficiency (Kollet et al., 2010; Reed M. 

Maxwell, 2013b; Osei-Kuffuor et al., 2014). The simulations presented here were run on 3456 

processors, distributed to 72 and 48 units in the x and y directions, respectively, on the Cheyenne 

high performance computing system managed by the National Center for Atmospheric Research 

(NCAR) Computational & Information Systems Lab. Required core hours for a single water year 

averaged over 300 thousand core-hours for this processor topology; however, the scaled parallel 

efficiency even at this decomposition is still over 60 percent. The hourly outputs generated 

approximately 11 terabytes of information per water year, while the required storage for the 
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interpolated atmospheric forcing alone was 3.3 terabytes per water year. The total simulation 

required nearly one million core-hours and 45 terabytes of storage. 

 

3.2.3 Datasets for comparison 

Simulated runoff, evapotranspiration and sources of storage change from the CONUSv1 

model were compared against available point-scale measurements and coarse resolution remote 

sensing products in order to establish confidence in modeled results and to identify major sources 

of model bias. Table 3.1 provides a summary of all data products compared to CONUSv1 

outputs. It is important to note here that while we use absolute error metrics common to 

calibrated models developed specifically for prediction, calibration of the CONUSv1 model is 

not a goal of this study, nor is it feasible given the computational demands posed by such a 

highly parallelized platform. Rather, the intent is to evaluate the model’s ability to demonstrate 

realistic behavior, to identify regions, times, and sources of uncertainty, and to prioritize areas of 

improvement for future model development.  

Modeled surface water runoff (R in equation (3.2)) was compared to daily observations at 

2,392 U.S. Geological Survey (USGS) stream gauges containing observations over the 

simulation period (October 1, 2002, through September 30, 2005) within the CONUSv1 domain 

(Table 3.1) (obtained from https://waterdata.usgs.gov/nwis/sw, last accessed February 2, 2010). 

As discussed in the supplemental information for Maxwell and Condon (2016), the algorithm 

used for topographic processing resulted in spatial inconsistencies between the real and modeled 

stream network. USGS gauges were therefore mapped to the CONUSv1 grid using a 

combination of nearest neighbor mapping and manual adjustments to ensure that all gauges lay 

on an appropriate ParFlow stream cell; for instance, a gauge comparison point that was 

incorrectly mapped upstream of a confluence may be moved to an appropriate location 

downstream. Even with manual adjustments, the large majority of mapped gauges were within 3 

km of their ‘actual’ location. As Maxwell and Condon (2016) explain, approximately 10 percent 

of USGS gauges required more significant manual adjustments because of considerable 

discrepancies between the true stream network and that constructed for the model.  
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Table 3.1: Products used to evaluate CONUSv1 simulated water balance component 

performance. 

 

 

For evapotranspiration (ET in equation (3.2)), three datasets are used to evaluate 

CONUSv1 results (Table 3.1). Observations from FLUXNET, an international network of 

meteorological towers that rely on the eddy covariance method to estimate evapotranspiration, 

were used to evaluate the temporal performance in ET at 29 locations containing data during the 

simulation period. FLUXNET data were obtained from the FLUXNET 2015 online data portal 

(https://fluxnet.fluxdata.org/, accessed February 6, 2020). CONUSv1 ET estimates were also 

compared to MODIS evapotranspiration MOD16A2 monthly product provided by the University 

of Montana Numerical Terradynamic Simulation Group (NTSG) lab 

(http://files.ntsg.umt.edu/data/NTSG_Products/MOD16/, last accessed March 20, 2020). The 

MODIS product, a NASA and EOS initiative to estimate global terrestrial evapotranspiration 

using satellite remote sensing data, uses a Penman-Monteith based approach, stomatal resistance 

and vegetation information to estimate evapotranspiration at an 8-day interval at 1-km resolution 

(Mu et al., 2007, 2011). MOD16A2 improves upon the original MOD16 ET algorithm by 

considering surface energy partitioning and atmospheric demand as well as land cover, leaf area 

Water balance component Data product Spatial scale Product type

Surface runoff, R USGS stream gauges Aggregate of upstream area, 

2392 locations

Point observation

Evapotranspiration, ET MODIS 1 km resolution, global scale Remote sensing 

SSeBOP 1 km resolution, global scale Remote sensing 

FluxNET Local, 29 locations Point observation

Storage, ∆S SNOTEL Local, 556 locations Point observation

GRACE (5 products) 0.25 to 1 degree resolution, 

global scale

Remote sensing 

ESACCI Active/Passive 0.25 degree resolution, global 

scale

Remote sensing 

USGS wells Local Point observation

41,269 locations static,

2486 locations temporal

Precipitation, Temperature GHCND Local, 9,139 locations Point observation

Precipitation, Temperature SNOTEL Local, 556 locations Point observation

Temperature, Vapor pressure deficit, 

Wind speed

FluxNET Local, 29 locations Point observation

in situ stations=14,602

Total number of measurements with temporal component

remote sensing products = 5 (GRACE products counted as 1)

Comparisons to Modeled Water Budget Components

Comparisons to Atsmopheric Forcing
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index, and meteorological reanalysis products provided by NASA’s Global Modeling and 

Assimilation Office (GMAO). Given the 8-day interval limitation and point-based uncertainties 

in ET of up to 40-60% (Velpuri et al., 2013; Westerhoff, 2015), the monthly MOD16A2 product 

was spatially aggregated to HUC8 watersheds across the CONUSv1 domain with equal area 

weighting. We also compare HUC8-aggregated monthly CONUSv1 evapotranspiration with 

estimates from the Operational Simplified Surface Energy Balance (SSEBop) algorithm (Gabriel 

B. Senay et al., 2013). The SSEBop model is a relatively simple model, using 1km 8-day 

MODIS remotely sensed thermal imagery (land surface temperature and emissivity), combined 

with thermal index reference ET Senay et al., 2013). Velpuri et al. (2013) evaluated MOD16A2 

and SSEBop performance across the contiguous United States at point and basin scales, finding 

that SSEBop outperformed MOD16A2 in western, arid basins. Note that for FLUXNET 

observations, ET (mm day-1) was derived from latent heat (W m-2) by scaling by the latent heat 

of vaporization K (2.45 MJ kg-1) with the proportional relationship  GH = FJ
K . 

To evaluate CONUSv1 storage change (∆2 in equation (3.2)), four products are used to 

compare to individual storage components, including total water storage, snow water storage, 

and soil water storage. Modeled snow water equivalent was compared to Snow Telemetry 

(SNOTEL) station data, a network maintained by the Natural Resources Conservation Service 

(NRCS). SNOTEL data were accessed from the NRCS online report generator 2.0 

(http://wcc.sc.egov.usda.gov/reportGenerator/, last accessed February 28, 2020). Of the available 

SNOTEL stations, 556 are within the CONUSv1 domain and have observations during the 

simulation period. These SNOTEL locations were compared to simulated snow water equivalent 

at their nearest neighbor CONUSv1 grid cells. For soil water storage, soil moisture anomalies 

were derived from the active passive satellite products from the ESA Programme on Global 

Monitoring of Essential Climate Variables (ECV) Soil Moisture Climate Change Initiative (CCI) 

project v04.5 (Gruber et al., 2019; https://www.esa-soilmoisture-cci.org/node/237, last accessed 

February 20, 2020). This remote sensing product uses a combined estimate of soil moisture from 

4 active and 7 passive microwave sensors, providing soil storage at 0.25° resolution.  

CONUSv1 total water storage anomalies (an aggregate of all subsurface, snow water and 

surface water storage components) was also compared to terrestrial water storage anomalies 

provided from remote sensing products from the Gravity Recovery and Climate Experiment 

(GRACE). The GRACE products are derived from slight fluctuations in Earth’s gravity caused 
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by changes in mass and measured by twin satellites launched in 2002; these gravity field changes 

over land may be attributable to terrestrial water storage change. GRACE solutions are provided 

by three processing centers: the NASA Jet Propulsion Laboratory (JPL), the 

GeoforschungsZentrum Potsdam (GFZ), and the Center for Space Research at University of 

Texas, Austin (CSR). In this study, CONUSv1 total water storage changes were compared to the 

Release-06 gravity field solutions (RL06) at 1°, calculated using the spherical harmonic 

approach (Landerer & Swenson, 2012a) with varying degrees and orders, spherical harmonic 

coefficients and filtering processes. We also compare CONUSv1 to the mass concentration block 

(mascon) solutions provided by JPL at 0.5° and CSR at 0.25° (Save et al., 2016; Wiese et al., 

2016), which eliminate much of the need for empirical post-processing and filtering required in 

the spherical harmonic solutions. The GRACE products listed above are hereafter referred to as 

JPL, GFZ, and CSR for the RL06 spherical harmonic solutions, and JPLm and CSRm for the 

mascon solutions. For both the ESACCI soil moisture product and the GRACE total water 

storage anomalies, CONUSv1 estimates are aggregated to the coarse resolution product by area 

weighted mean prior to comparisons.  

Finally, CONUSv1 calculated depth to water table are compared with water levels from 

41,269 USGS groundwater wells across the continental United States; like streamflow, these data 

are freely available for download from the USGS National Water Information System 

(https://waterdata.usgs.gov/nwis/gw, last accessed March 23, 2020). Of these wells, locations 

with more than 10 observations during the simulation timeframe and that met requirements for 

appropriate aquifer comparison (such as well depth, aquifer type, and anthropogenic influence) 

were used to calculate correlations with CONUSv1 timeseries; 2,486 wells fit these criteria (see 

Table 3.1) and will be discussed further in Section 3.3.3. Note that in this study, we focus on the 

change in water storage over a given period of time, rather than the total amount of water 

currently stored. Storage anomalies are presented as deviations through time from mean storage 

states; we also discuss the water storage amplitude, or peak-to-peak intra-annual storage change, 

for a given region, as a proxy for seasonality. In the majority of the CONUSv1 domain, over this 

relatively brief simulation period, the variance in the intra-annual (seasonal) signal explains the 

majority of the variance in storage anomaly timeseries. 

Streamflow, evapotranspiration, and storage outputs from CONUSv1 are compared to 

point observations and remote sensing products in the following Results section. In the 
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Discussion, known sources of bias are discussed. One important source of bias is that of 

atmospheric forcing; to evaluate the the impact of meteorological performance on simulated 

water balance variables, we compare the interpolated NLDAS product to observed daily 

precipitation (N=9,193) and observed averaged daily temperature (N=1,678) at meteorological 

stations maintained by the Global Historical Climatology Network (GHCND) (Table 3.1) (data 

accessed via Climate Data Online portal, https://www.ncdc.noaa.gov/cdo-web/search, last 

accessed February 11, 2020). Atmospheric forcing variables were also compared to observed 

data at SNOTEL and FLUXNET sites. 

 

3.3 Results 

By providing detailed partitioning of the water and energy budgets at high spatial and 

temporal resolution and at continental spatial extent, the CONUSv1 ParFlow-CLM model offers 

an unprecedented opportunity to study large-scale nonlinear relationships and to provide 

hydrologic process estimates at locations remote from observation networks. The 2003-2005 

water year simulations in this study estimate hourly pressure head and saturation at each of the 

approximately 31.5 million 1-km substrate over the domain; the simulations also provide 

evapotranspiration, and energy balance estimates at each of the 6.3 million land surface grids 

cells. Figure 3.2 shows the CONUSv1 model extent, mean annual precipitation from interpolated 

atmospheric forcing, and mean annual simulated components of equation (3.2). Below, these 

water balance components, their performance, and their relative bias sources are discussed in 

detail. Note that difference performance metrics were discussed for model components based on 

their temporal and spatial coverage, continuity, resolution, and uncertainty. For instance, the 

shear amount of temporal and spatial coverage provided by the USGS stream gauge network 

allowed for several different error metrics to evaluate long-term behavior, hydrograph shape, and 

flashiness. Comparisons of model results with remote sensing products and well observations 

were more limited by higher uncertainty and lower temporal and spatial resolution and 

continuity, but they were still valuable in identifying regions for model improvement and 

analyzing error propagation between water balance components.
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Figure 3.2: Mean annual water balance components from CONUSv1 at 1-km resolution: a) interpolated precipitation P from 

atmospheric forcing inputs, b) simulated mean annual evapotranspiration ET, c) simulated mean annual runoff R, and d) simulated 

mean annual total water storage DS amplitude (combined seasonality of snow water equivalent, groundwater, soil water, and surface 

water). Total water storage amplitude is the peak-to-peak seasonal storage anomaly, rather than annual storage trend; seasonality 

(rather than interannual variability) explained the majority of the variance in total DS. Dotted lines are states, while thicker solid lines 

are major U.S. river basin outlines, which are labeled in (a).
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3.3.1 Runoff, R 

 The ability to accurately simulate overland flow at the major basin or continental scale 

and above has for several years been a topic of much interest in the hydrologic community. 

Continental or global streamflow estimates could be coupled to general circulation models to 

provide predictions of surface water resource vulnerability to climate change (e.g., Koirala et al., 

2014); large-scale runoff models could additionally provide flood forecasts to regions lacking in 

developed surface water monitoring networks (Kauffeldt et al., 2016). While the integrated 

groundwater-surface water modeling is computationally demanding, results from CONUSv1 

represent a rare opportunity to evaluate streamflow performance, 1) because the integrated 

system platform resolves shallow aquifer, vadose zone and surface water transfer, and 2) streams 

form naturally as surface water is routed by topography, without requiring pre-defined stream 

reaches.  

CONUSv1 streamflow R was evaluated against 2,392 USGS stream gauges which are 

well-distributed across the United States. Performance metrics for evaluating CONUSv1 

streamflow performance included percent annual bias, difference in annual runoff ratio, 

Spearman rank correlation coefficient for daily flows, and Root Mean Squared Error of daily 

flows scaled by the standard deviation of observations (sRMSE); results are shown in Figure 3.3. 

As a measure of average magnitude accuracy with an optimal value of 0, percent bias is given by  
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∑ "!#$!	"
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∑ $!"
!#$

∗ 100  (3.8) 

 

where Si and Oi are simulated and observed values (in this case, daily streamflow). Percent bias 

in CONUSv1 annual flow volume was calculated using daily observations in equation (3.8), such 

that days during which observations were unavailable were excluded for both simulated and 

observed annual totals. Percent bias is an effective metric for evaluating long-term mean flows, 

but it cannot be used to evaluate timing or shorter temporal events; further, if the model under- 

and over-predicts with similar magnitudes, PBIAS can be deceivingly low. For these reasons, we 

also calculate for each stream gauge Spearman’s rank correlation coefficient, or Spearman’s *, 

given by (3.9): 
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Unlike the coefficient of determination R2, which describes the degree of collinearity between 

the data, Spearman’s * independently ranks the simulated and observed values, with di in (3.9) 

being the difference in ranks for a given value i, and n is the number of values in the series. 

Unlike other metrics describing temporal correlation, such as R2 or Nashe-Sutcliffe Efficiency, * 

is less restrictive; it does not assume linearity and instead and tests for monotonic correlation. 

The optimal value for * is 1, and the cutoff for good performance is likely analogous to that of 

R2, which varies in the literature but is generally around 0.6. 

 A final performance metric, the RMSE-observations standard deviation ratio (RSR) is 

also provided. RSR is given by equation (3.10), RSR describes root mean squared error (RMSE) 

relative to the the standard deviation of the observations. 
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In (3.10), %̅ is the mean of observations. While RSR is less widely used than PBIAS and *, its 

benefit lies in its normalization of common error index statistic RMSE; the ratio describes error 

relative to natural variability in the true system, such that an RSR of 1 suggests that the mean 

daily error is equal to one standard deviation of observed values and thus comparable to what we 

may expect from noise or intra-annual variability. An RSR value of 0 is optimal, while values 

under 0.5 (RMSE is less than half of the standard deviation of observations) is considered to be 

excellent (Moriasi et al., 1983). 

PBIAS can be sensitive to precipitation provided by the interpolated NLDAS 

atmospheric forcing product; since P is an input to the CONUSv1 rather than a model result, 

runoff ratio (-- =
,
8) was also calculated to extract model performance independent of 

precipitation bias. RR measures the amount of precipitation partitioned to runoff, with lower RR 

values generally indicating a greater portion of precipitation lost to infiltration or 

evapotranspiration. “True” runoff ratios were estimated by first identifying all GHCND 

precipitation gauges upstream of a USGS stream gauge. The mean annual precipitation was then 
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calculated and applied over the Gages-II drainage area, with RR equal to the ratio of total USGS 

gauge flow to GHCND precipitation. A similar process was done for simulated RR, using 

NLDAS-interpolated precipitation, simulated flow at the gauge cell, and model drainage area 

from the input digital elevation model derived from HydroSHEDS. Note that while the 

interpolated NLDAS precipitation, unlike the GHCND gauge network, is continuous in space, 

only modeled cells which matched nearest-neighbor GHCND gauge network were used to 

estimate upstream precipitation, in order to create as controlled a comparison as possible. Runoff 

ratios were not calculated for headwater catchments streams, which we defined as USGS stream 

gauges with fewer than three upstream GHCND precipitation gauges.  

Observed total annual flow during the simulation period is shown in Figure 3.3a; annual 

streamflow varies by several orders of magnitude across U.S. major basins, with higher flows in 

the east and the Pacific Northwest, and lowest flows in the Great Plains. Runoff ratios are 

generally highest in the East; the majority of the arid West exhibit RR of less than 0.1, with the 

exception of topographically complex regions and headwater watersheds of the Rocky 

Mountains (Figure 3.3c).  

CONUSv1 appropriately reproduces point-scale annual flows across the United States, 

with a mean annual PBIAS of 10.6 %, and with 25th and 75th percentiles of -24% and 85%, 

respectively (Figure 3.3b). Shown in Figure 3.3e and f, the 25th, 50th, and 75th percentiles for 

Spearman’s * are 0.43, 0.65, and 0.78 (the majority of simulation sites are monotonically 

correlated well with USGS observations), while the same for RSR are 0.86, 1.2, and 2.6 (the 

mean daily RMSE is within 20% of observed standard deviation). The mean CONUSv1 minus 

USGS difference in RR is 0.023 (Figure 3.3d), which corresponds to a mean percent bias in 

runoff ratio of 10.7% (indicating that the model partitioned roughly 10 percent more 

precipitation to runoff than was observed). The CONUSv1 model performs exceptionally well 

(RSR<0.6, *>0.7, and |PBIAS|<20%) at 71 gauges (approximately 3% of available sites); an 

additional 125 locations exhibit very good performance (5.2% of gauges, RSR<0.7, *>0.65, and 

|PBIAS|<30%); an additional 402 locations show good performance (16.8% of gauges, RSR<1, 

*>0.6, and |PBIAS|<50%); and an additional 246 gauges show overall acceptable performance 

(10.3% RSR<1.2, *>0.5, and |PBIAS|<75%). A total of 844 gauges perform acceptably for all 

performance criteria (35.3% of all gauges). However, many gauges perform well for one metric 

but not others: 2144 gauges show either RSR<1.2, |PBIAS|<75%, or *>0.5 (90% of gauges), 
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leaving just 10% of the USGS streamflow gauges showing poor CONUSv1 performance based 

on all metrics. Note that no filtering was done for these metrics in order to eliminate gauges with 

incorrect drainage area from topographic processing discrepancies, nor have we removed sites 

proximate to dams, influenced by nearby pumping or irrigation or affected by bias in 

atmospheric forcing.  

 

Figure 3.3: (a) Observed annual streamflow R from USGS gauge network, (b) PBIAS for 

simulated CONUSv1 streamflow, (c) runoff ratio calculated from USGS stream gauges and 

GHCND precipitation gauges, (d) simulated minus observed runoff ratio, (e) * of simulated daily 

flows, and (f) RSR of simulated daily flows. 
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Streamflow performance varies widely across major basins. For instance, mean PBIAS, 

*, and RSR for the Ohio River Basin are 14%, 0.77, and 0.84, respectively, and RR values are 

within 2% of the mean RR of 0.52 estimated from observations. Simulated flows in the 

Tennessee River Basin also appropriately simulate observed flows: mean PBIAS, * and RSR are 

16.3%, 0.69, and 1.1, respectively; over 60% of the gauges in the basin perform acceptably based 

on all performance metrics (RSR<1.2, *>0.5, and |PBIAS|<75%); and observed and simulated 

mean RR are 0.52 and 0.57 respectively, for a percent bias in RR of 9.6%. Conversely, the 

majority of the upper Missouri River Basin shows weak timing performance (mean * of 0.43) 

and higher overall bias: the median PBIAS for Missouri is 70% and median RSR is 2.3, 

indicating that the majority of Missouri gauges exhibit daily RMSE that is twice the volume of 

expected daily variability. The Great Plains region is certainly the region with worst streamflow 

performance: CONUSv1 percent bias in the majority of these gauges is greater than 300%, and 

in some cases, simulated flow is greater than 10 times the volume of observed. While the mean 

difference in runoff ratio in this region is only 0.04, this is on average 4 times larger than RR 

estimated from observations. Results in Figure 3.3 therefore suggest that in the arid Great Plains 

region, a very small change in runoff ratio can result in dramatic error in streamflow bias, and 

low flows in this region are difficult to capture. 

 

3.3.2  Evapotranspiration, ET 

 Evapotranspiration is a major component of the water balance, accounting for roughly 60 

percent partitioning of land precipitation into the atmosphere annually (Oki & Kanae, 2006); 

however, it is also widely considered to be an incredibly difficult value to constrain (Gabriel B. 

Senay et al., 2013; Velpuri et al., 2013; Xu & Singh, 2005) and is often estimated simply as the 

residual of other components of the water balance. Unlike streamflow and precipitation, direct 

point measurement methodologies are limited, costly, and difficult to maintain. Direct estimates 

can be inferred from sap flux measurements; lysimeters, which weigh plant and soil mass to 

track temporal fluctuations in water storage; or chemical tracers, such as deuterium (Wilson et 

al., 2001). Currently, the method which likely provides the most defensible direct measurements 

of ET is the eddy flux or eddy correlation method. Eddy flux towers relate observed turbulent 

heat fluxes at the surface (latent and sensible heat) to the covariance between instantaneous 

fluctuations of vertical wind speed, humidity and temperature (Baldocchi, 2003; Reynolds, 1895; 
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Swinbank & Swinbank, 1951). The CONUSv1 simulated daily ET was compared to observations 

from 29 eddy covariance towers managed by the FLUXNET mission. Locations of these sites 

and their relative performance are shown in Figure 3.4, along with timeseries examples from 

three FLUXNET with complete observations during the entire observation period. 

 Results in Figure 3.4 demonstrate the ability of the CONUSv1 model to appropriately 

simulate daily and seasonal ET across difference climatic zones. The mean 25th, 50th, and 75th 

percentiles for CONUSv1-simulated daily ET PBIAS are 7%, 26%, and 55%, respectively. 

Given that remote sensing estimates regularly exhibit uncertainty of 50-60% for point-scale ET 

estimates, or >20% uncertainty in ET at the basin-scale (Velpuri et al., 2013), CONUSv1 ET 

results are certainly impressive. For daily timeseries, 25th, 50th, and 75th percentiles are 0.65, 

0.72, and 0.81 for r, and 0.72, 0.92, and 1.37 for RSR, respectively. Because the metric is an 

indicator of monotonic agreement, the high overall Spearman’s r values, are particularly telling, 

because r is sensitive not only to seasonal trends which dominate the timeseries variance but 

also the influential day-to-day (sub-seasonal) noise. Out of 29 FLUXNET sites with observations 

during the simulation time period, the CONUSv1 model performs acceptably for all performance 

criteria at 19 locations (65% of locations); at 27 out of 29 sites (93% of locations), the 

CONUSv1 model performs well based on at least one metric. 

While Figure 3.4 builds confidence that the CONUSv1 model can appropriately simulate 

evapotranspiration over a range of geophysical, vegetative and climatic categories, the spatial 

discontinuity of FLUXNET certainly limits ET performance evaluation across the remaining 

CONUSv1 model domain. Eddy covariance ET estimates are applicable within the fetch of the 

prevailing winds, which is generally on the order of ~1 km radius surrounding towers (Wilson et 

al., 2001), and statistical interpolation is generally not recommended without considerable 

parameterization of atmospheric and vegetative conditions to inform upscaling (Jung et al., 

2009).  
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Figure 3.4: a) Cumulative annual ET observed at 29 FLUXNET sites across the contiguous 

United States, b) percent bias of CONUSv1 daily simulated ET at FLUXNET locations, c) 

Spearman r of CONUSv1 daily simulated ET at FLUXNET locations, and d) RSR of CONUSv1 

simulated daily ET, and e-g) examples of observed and simulated daily ET at three FLUXNET 

sites with complete observation periods during the simulation timeframe.  
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To build confidence at larger spatial scales, the CONUSv1 model has also been compared 

to the MOD16A2 and SSEBop algorithms for MODIS thermal imagery processing. These data, 

along with CONUSv1, have been aggregated to HUC8 spatial scale and monthly temporal 

resolution to help reduce uncertainty associated with cloud cover in the 8-day product. 

Cumulative annual evapotranspiration for MOD16A2, SSEBop, and CONUSv1 are shown in 

Figure 3.5a-c. Both MOD16A2 and SSEBop algorithms should be considered evapotranspiration 

modeling techniques produced from remote sensing observations, rather than observations 

themselves. However, regions where CONUSv1 comparisons to the MOD16A2 and SSEBop 

agree provides confidence in the model’s bias or timing of ET estimates. We have therefore used 

PBIAS, r, and RSR error metrics, with CONUSv1 monthly ET observations as simulated and 

MODIS datasets as observed values. Multiple studies to date have compared MOD16A2 and 

SSEBop performance over a range of geophysical characteristics, vegetative types and aridity 

indices by comparing to Penman-Monteith -based estimates (Knipper et al., 2016), lysimetric 

observations (G B Senay et al., 2014), FLUXNET observations or upscaled information from 

FLUXNET sites and vegetative indices (Senay et al., 2013; Velpuri et al., 2013), with results 

showing good general agreement and within ~50% error for annual ET totals at point 

observations. Despite its considerably more simplistic approach for estimating ET from MODIS 

thermal land imaging, SSEBop performs nearly as well or, in the case of the Western U.S., better 

than MOD16A2 (Velpuri et al., 2013). Therefore, we also show MOD16A2 “performance” 

relative to SSEBop, where Oi observations are MOD16A2 and Si observations are MOD16A2 

monthly ET (equations 3.8, 3.10).  

CONUSv1 shows good general agreement with MOD16A2 and SSEBop algorithms in 

annual ET, with differences within ±30mm across the domain. All products provide similar 

spatial signatures of ET, with overall higher ET in the south west and lowest ET in the Great 

Basin and Colorado River Basins. The 50th percentile for CONUSv1 PBIAS against MOD16A2 

and SSEBop are 5.1% and 4.6%, respectively; 25th and 75th percentiles of PBIAS are -6.6% and 

19.0% for MOD16A2, and -7.4% and 24.3% for SSEBop. In several regions, CONUSv1 shows 

similar behavior compared to both MODIS products: both products suggest CONUSv1 

overpredicts ET in downstream areas of the Missouri and Upper Mississippi River Basins, while 

it underpredicts ET in the Rocky Mountain headwaters and across the Ohio River Basin (Figure 

3.5d, e). The approximately 30% underestimation of ET in the CO headwaters further agrees 
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with the CONUSv1 performance relative to FLUXNET observations at the Niwot Ridge site in 

Colorado. However, the northwest sections of the Missouri and the entirety of the Arkansas-Red-

White watersheds show opposite behavior between CONUSv1-MOD16A2 and CONUSv1-

SSEBop comparisons; in these regions, we can be less certain of model bias as described by 

remote sensing of ET. Broadly, across the Western U.S., CONUSv1 shows better agreement with 

MOD16A2 with regards to ET magnitude (PBIAS) because SSEBop estimates negligible ET in 

the Basin and Range region (Figure 3.5e); however, CONUSv1 shows dramatically better 

performance relative to SSEBop in terms of Spearman’s r  and RSR (Figure 3.5g,h). The 50th 

percentile of r and RSR are 0.85 and 0.82, respectively, for CONUSv1 compared to MOD16A2, 

and 0.91 and 0.46 for CONUSv1 compared to SSEBop. The 25th percentile of r for CONUSv1 

and MOD16 is 0.41 (unacceptable), while the same for CONUSv1 and SSEBop is 0.85 

(excellent); similarly, 25th percentiles for RSR are 2.13 (unacceptable) with respect to MOD16 

and 0.41 (excellent) with respect to SSEBop. 

Despite differences between CONUSv1 comparisons to the two MODIS algorithms, 

results shown in Figure 3.5 build confidence that CONUSv1 appropriately estimates the 

magnitude and temporal progression of ET. However, it is important to again note that MODIS 

ET estimates are themselves models, and as such they are susceptible to epistemic errors in input 

data (e.g., inaccuracies in LAI or other parameterizations), measurement and remote sensing 

errors (e.g., cloud cover), and other uncertainties. Nevertheless, MODIS represents the ET 

dataset with greatest temporal and spatial coverage and resolution. There is evidence that 

CONUSv1 could outperform other land surface models in its ability to estimate total ET across 

the U.S.; in a study comparing LSM-based recharge estimates in the western United States, 

Niraula et al. (2017) showed that LSMs Mosaic, VIC, and Noah simulated spatially distributed 

ET with 0.87, 0.77, and 0.75 Pearson’s correlation relative to MODIS. Pearson’s correlations 

between CONUSv1 and MOD16A2, and between CONUSv1 and SSEBop, are 0.9 and 0.95, 

respectively, which motivates future comparisons of CONUSv1 performance relative to other 

LSMs.  
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Figure 3.5: CONUSv1 ET estimates compared to results from MODIS remote sensing and 

thermal imaging algorithms. a-c) Annual cumulative ET across HUC8 watersheds, d-f) 

differences in annual ET, g-i) PBIAS of monthly ET, j-l) Spearman’s r of monthly ET, and m-o) 

RSR of monthly ET, for CONUSv1 and MODIS products (MOD16A2 and SSEBop algorithms).  
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3.3.3 Storage, S 

 Terrestrial water storage represents all components of the water balance stored on and 

below the Earth’s surface. As such, total storage S is an aggregate of water stored on land in 

surface water bodies or in the canopy, as well as snow water equivalent, soil moisture in the 

vadose zone, and shallow or deep saturated aquifer storage. Estimates of overall S could simply 

involve measuring and combining individual components, but these calculations 1) require 

highly developed monitoring networks and an impressive amount of in situ observations, and 2) 

can have large margins of error if not all of the assorted hydrological stores are accurately 

resolved (Troch et al., 2007). The most common method for S estimation calculates storage as a 

remainder of other water balance terms, P, ET, and R in equation (3.2), (e.g., Rodell et al., 2011; 

Tang et al., 2010). However, recent advancements in remote sensing have granted hydrologists 

one of the only available true estimates of total S, without partitioning out storage sources, by 

measuring fluctuations of Earth’s gravity fields as a proxy for mass change – and since water 

represents the greatest fluctuation of terrestrial mass, gravity anomalies can be translated to 

variability in S. The newly available GRACE twin satellite mission provides approximately 

monthly values of total water storage at the global scale and at coarse (>105 km) resolution (e.g., 

Strassberg et al., 2009). Storage anomaly estimates are based on K-band microwave 

measurements of the distance between the two low-flying satellites, which varies as a function of 

gravity field fluctuations (as well as atmospheric, oceanic, and solid Earth tides, which must be 

corrected to resolve the global water budget (Dahle et al., 2019)). The CONUSv1 total water 

storage anomalies (calculated as a sum of all simulated surface and subsurface hydrologic stores) 

was compared to five monthly gravity field solutions: the RL06 spherical harmonic solutions 

provided by JPL, GFZ, and CSR, as well as mascon solutions JPLm and CSRm. Figure 3.6 

shows seasonal storage amplitude in space as well as basin-aggregate storage change through 

time, comparing CONUSv1 and GRACE solutions for six major river basins. Some basins have 

been left out due to incompleteness in the model domain, or due to size: The basis function for 

GRACE solutions is generally on the order of 300,000 km2, such that storage anomaly estimates 

for smaller basins (e.g., the Tennessee River Basin) are not well resolved. 

 Seasonal storage amplitude represents the average peak-to-peak storage gain or loss over 

the course of a water year, and it is therefore a depiction of seasonality or intra-annual S signal. 

The GRACE solution shown in Figure 3.6 is the JPL mascon solution provided at 0.5° 



 72 

resolution, and amplitude for other GRACE products show similar spatial signals; however, note 

that mascon solutions are calculated given a 3° equal-area basis function and subsequently 

downscaled using forward modeling techniques to account for leakage errors (Wiese et al., 

2016). GRACE mascons are not independent of each other, and uncertainty increases 

dramatically with decreasing basin size. However, qualitative comparisons between GRACE and 

CONUSv1 amplitude indicate several regions of agreement for high or low seasonality. 

Topographic highs in the Rocky Mountains, where the snow water equivalent signal likely 

dominates overall storage variance and is entirely seasonally dependent, show high amplitude for 

both CONUSv1 and GRACE (Figure 3.6a,b). The Upper and Lower Colorado River basins, in 

particular, show very similar spatial patterns for overall amplitude. Another area of agreement is 

the comparably high amplitude in the lower Mississippi River Basin. In both GRACE and 

CONUSv1, the Arkansas-Red-White region sees higher seasonality of total water storage in the 

east, and lower in the west; and the locations of highest amplitude, both for GRACE and our 

model, lie in the Pacific Northwest region. However, broadly speaking the CONUSv1 amplitude 

is lower than GRACE for the majority of the domain and particularly in the East. Other 

continental- or global-scale land surface models have also underpredicted seasonal storage 

amplitude across global river basins relative to GRACE; for example, the WaterGAP (Water 

Global Assessment and Prognosis) hydrologic model consistently under-predicted amplitude for 

most of the global land area (Petra Döll et al., 2014), and a validation of four LSMs and global 

hydrologic models found that the numerical models reproduced GRACE storage signals only to a 

very limited degree (Zhang et al., 2017a). 

Temporal progression of storage was calculated with area-weighted mean of the 

Colorado, Arkansas, Ohio, Missouri, and Upper Mississippi River Basins (Figure 3.6, c-h). 

Uncertainty (shaded regions) shown indicates the leakage error associated with downscaling 3° 

basis functions to 0.5° solutions for the JPL mascon product. We show only the JPLm 

uncertainty, simply because uncertainty estimates for the RL06 products are not yet available. 

The CSR mascon product is suggested to have an error of approximately 2cm that is more or less 

constant through time and space. 
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Figure 3.6: Summary of GRACE and CONUSv1 comparisons. Seasonal storage amplitude for a) 

the JPL mascon solution and b) CONUSv1 total water storage, with darker red areas indicating a 

high degree of seasonality and white areas indicating no sub-annual storage fluctuation. c-h) 

Timeseries of total water storage anomalies for five GRACE products and for CONUSv1 across 

complete major basins in the CONUSv1 domain. Shaded regions indicate uncertainty in the 

JPLm product based on leakage and measurement error. 

   

The CONUSv1 model shows good agreement in the seasonal shape of storage anomalies 

for most basins, with Spearman’s r rank correlation ranging from 0.44 to 0.92 relative to the 

mean of all GRACE solutions: Individual r values for major basins are 0.66 (Upper Colorado), 

0.83 (Lower Colorado), 0.92 (Arkansas-Red-White), 0.87 (Ohio), 0.44 (Missouri), and 0.78 

(Upper Mississippi). However, correlation is not necessarily the best predictor of adequate model 

performance; for instance, the Upper Mississippi has the fourth highest r value out of six major 

basins, but more than 80% of the total anomaly timeseries lies within the uncertainty bars 

provided for the JPLm product, suggesting that it is the highest performing basin of the six. 

Further, several discrepancies exist between CONUSv1 and GRACE trends and amplitude. For 

example, despite its monotonic agreement with GRACE storage amplitude for the Ohio River 

Basin, the CONUSv1 model simulates a seasonal storage amplitude that is, on average, more 
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than 30% lower than what GRACE observes. The Upper Colorado River Basin captures seasonal 

timing, but the overall storage gain over the simulation period is roughly three times that of what 

GRACE observes. Differences between the CONUSv1 and GRACE storage water anomaly 

estimates can come from various sources: 1) model error and uncertainty in CONUSv1 model 

parameters and configuration, error and uncertainty associated with GRACE measurement error, 

or error associated with the intensive post-processing and filtering on the raw spherical harmonic 

GRACE solutions, 2) hydrologic stores unaccounted for in the CONUSv1 model, such as deep 

(>100m) aquifer storage, or 3) anthropogenic impacts, particularly from groundwater 

withdrawals from municipal and agricultural aquifer depletions (J. Chen et al., 2016).  

Total water storage anomalies were also validated based on their partitioned components: 

DSgw, DSsoil, and DSsnow. First, CONUSv1 water table depth (WTD) was compared to USGS well 

observations across the United States. Figure 3.7 shows observed WTD across the model 

domain, as well as difference in observed and modeled heads and correlation for available 

locations. As a caveat, while WTD is a visibly appealing metric for modeled groundwater 

performance, it alone is not translatable to total storage Sgw or for storage change DSgw, for 

several reasons. First, without information regarding aquifer storativity or in absence of pumping 

tests, change in water table depth does not equate to total water storage fluctuation in an aquifer 

of uncertain depth and hydraulic characteristics. Second, water flow is governed by hydraulic 

head rather than water table depth; therefore, a bias in WTD of tens of meters within a 

continental model that spans thousands of meters of hydraulic head does not necessarily speak to 

the model’s ability to laterally move water through the saturated subsurface. Finally, perched and 

confined aquifer systems can completely disconnect anomalies in total subsurface hydrologic 

stores and measurable WTD fluctuations. However, WTD does indicate vadose zone-saturated 

zone connectivity, and for unconfined aquifers it is a good indicator for loss or gain in aquifer 

storage, so we briefly compare observed and simulated WTDs here. 
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Figure 3.7: a) Observed water table depth (N=41,269), b) difference in observed and CONUSv1 

simulated WTD, c) difference in observed and CONUSv1 simulated WTD at filtered locations 

(N=2486), and d) Spearman r values at filtered locations using at least 10 instantaneous (daily) 

observations. 

 

Observed WTD from over 41,000 aquifers across the contiguous United States spans 

multiple orders of magnitude and is shown in Figure 3.7. The CONUsv1 model demonstrates a 

fairly consistent shallow WTD bias across the domain, with “hot spots” of over 50m depth 

difference in the southern reaches of the Ogallala aquifer, in the southern Pacific Northwest 

region, and in the the Lower Colorado River basin. However, much of these wells represent 

locations impacted by extractions (wells are preferentially drilled in regions prioritizing 

municipal or agricultural groundwater resources), wells tapping confined aquifers, or WT depths 

that simply cannot be captured by a shallow aquifer model of 102m depth. In a 1985 transient 

simulation of CONUSv1, Maxwell and Condon (2016, supplemental information) found that 

while no strong connection exists between water table depth bias and the model’s geologic 

properties, WTD bias was aquifer-dependent, with the greatest positive WTD biases occurring in 

the High Plains aquifer which has experienced depletions in the last several decades.  Further, 
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WTD is only informative as an indicator of positive or negative DSgw if multiple observations are 

provided through time. Therefore, the available USGS wells have been filtered by excluding 1) 

locations where the observed minimum WTD was greater than 60 m (CONUSv1 estimates 

pressure at cell centers, with the center of the deepest layer at 52 m), 2) locations providing less 

than 10 observations during the simulation timeframe, 3) locations flagged by the USGS as a 

confined or mixed aquifer system (aquifer type code aqfr_type_cd in the Groundwater levels for 

the Nation dataset provided by USGS NWIS, https://waterdata.usgs.gov/nwis/gwlevels/), and 4) 

locations flagged for pumping (water level site status code lev_status_cd) during the simulation 

period. WTD bias for the remaining 2,486 locations is shown in Figure 3.7c. WTD agreement is 

considerably improved at these locations, but a shallow WTD bias is still present, with 25th, 50th, 

and 75th quantiles for simulated minus observed difference in total water level being 2.5 m, 5.8 

m, and 13.4 m, respectively. However, r values suggest that despite CONUSv1 shallower water 

tables, the model is still able to capture temporal fluctuations in depth to saturation (and by 

association, groundwater DSgw) at almost half of the filtered well sites (Figure 3.7d). Quantiles 

for r at the filtered locations are 0.14 (25th), 0.46 (50th), and 0.7 (75th); 46% of gauges show r 

greater than 0.5, and 25% of gauges show r greater than 0.7. 

Soil moisture (SM) anomalies, analogous to Ssoil, were compared to the ESA CCI soil 

moisture product at 0.25° resolution and aggregated to weekly totals. Results are shown in 

Figure 3.8. As in GRACE comparisons, we compared seasonal amplitude spatial signals across 

the CONUSv1 domain, as well as basin-scale aggregates through time. The ESA CCI record is a 

state-of-the-art multi-decadal, global satellite-observation of SM, created from combining single-

sensor active and passive microwave sensors; since its release, the literature has shown good 

agreement between the ESA CCI product and spatial and LSM-modeled temporal SM patterns of 

soil moisture, and the harmonized product has shown better performance than any of its 

individual single-sensor inputs (Dorigo et al., 2017; Gruber et al., 2019). Because we are 

interested in DSsoil over time rather than the total water stored in the soil at any one moment, 

comparisons were made to SM anomalies, or relative change in soil moisture with respect to the 

mean value. Broadly speaking, the CONUSv1 shows overall lower amplitude in the West and 

higher amplitude in the East, relative to the CCI product (Figure 3.8a,b). While this could be a 

result of CONUSv1 bias in evapotranspiration or other fluxes in which seasonal signal is 

dominant, more likely amplitude differences are simply a result of temporal coverage or blending 
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algorithms in the ESA CCI product. For instance, for the combined SM product, blending 

weights are higher for active microwave sensors in the eastern U.S. and high elevation Rockies, 

while the rest of the Southwest and the northern Great Plains region favored passive microwave 

sensors (Dorigo et al., 2017). Further, ESA CCI SM is limited by temporal coverage; note that in 

the majority of the eastern CONUSv1 domain, less than 365 observation days are available (most 

likely a product of high humidity and cloud cover) (Figure 3.8b), which makes us less confident 

in Ssoil amplitude estimates. At the aggregated basin scale, however, temporal progression of SM 

shows good agreement between CONUSv1 and CCI SM for all but one major basin: Individual r 

values for major basins are 0.14 (Upper Colorado), 0.79 (Lower Colorado), 0.77 (Arkansas-Red-

White), 0.78 (Ohio), 0.58 (Missouri), and 0.65 (Upper Mississippi). The very weak correlation in 

the Upper Colorado basin may be indicative of large uncertainties in the ESA CCI SM product 

that have been observed with particular surface conditions: For regions of dense vegetation, 

topographic complexity, snow cover or frozen soils, uncertainty in ESA CCI SM is very high 

(Dorigo et al., 2017), and we therefore have low confidence in ESACCI comparisons in Rocky 

Mountain headwaters regions.  

Finally, modeled CONUSv1 Ssnow storage component was validated against snow 

telemetry data in the mountainous West of the model domain (Figure 3.9). As an important 

caveat, point-measured snow water equivalent (SWE) is likely to consistently overestimate 

gridded land surface model products, given that coarse-resolution model cells (in our case, 1km 

lateral discretization) represent an aggregate of highly heterogenous SWE and canopy 

interference across a wide spatial area. Telemetry stations are frequently situated in clearings or 

in breaks in canopy density in order to maximize throughfall. For instance, Molotch and Bales 

(2005) characterized the distribution of SWE depth in 16-, 4-, and 1-km2 grid elements 

surrounding SNOTEL stations in Rio Grande headwaters, using a combination of field 

observations, remote sensing products, and snowpack mass balance modeling. They found that in 

the majority of the sites, the SNOTEL station represented high percentiles of SWE relative to the 

surround land area, and that SNOTEL site conditions (such as vegetation density, solar radiation 

index, and terrain indices) were not representative of the vast majority of grid element space. In 

some regions, SNOTEL SWE was more than 200% greater than the mean grid element value. As 

would therefore be expected, the 1-km resolution CONUSv1 model underestimates annual peak 

SWE (water equivalent at maximum accumulation) and April 1 SWE (water equivalent during 
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ablation). PBIAS for annual peak SWE was -67%, -39.5%, and -15.6% at 25th, 50th, and 75th 

percentiles, respectively. April 1 SWE bias was more considerable, with some individual 

SNOTEL stations showing more than double the SWE than CONUSv1 simulations (Figure 

3.8c). However, the CONUSv1 model clearly reproduces appropriate timing for snow 

accumulation and ablation, with the fraction of snow-covered sites tracking almost identically 

between SNOTEL and CONUSv1(Figure 3.8d). Percentiles for Spearman’s r values for cool-

season daily SWE (Figure 3.9d) are 0.85 (25th percentile), 0.92 (50th), and 0.96 (75th). 

 

 

Figure 3.8: Summary of ESACCI and CONUSv1 soil moisture comparisons. Seasonal SM 

amplitude for a) the ESACCI mascon solution and b) CONUSv1 – ESACCI amplitude 

difference. Stippling in (b) indicates < 365 days of SM observations available for the ESACCI 

product, while grey areas (excluded) indicate <1 month of available data. c-h) Timeseries of 

weekly SM anomalies across complete major basins in the CONUSv1 domain. Shaded regions 

indicate ±1 standard deviation. 
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Figure 3.9: Summary of CONUSv1 modeled snow water equivalent performance relative to 

SNOTEL sites. Shown are observed peak SWE at SNOTEL sites (a), percent bias for peak SWE 

(b) and April 1 SWE (c), daily spatial fraction of stations with snow coverage (d), and mean 

daily SWE (e). In (e), shaded regions indicate ±1 standard deviation in space. 

 

 

3.4 Discussion: Known and unknown sources of model bias 

 In Section 3.3, outputs from an integrated surface water-groundwater hydrologic model, 

CONUSv1, were compared to available point-scale monitoring networks and remote sensing 

products in an effort to evaluate the model’s ability to reliably reproduce components of the 
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water budget listed in equation (3.1). Broadly, results indicate moderate to strong correlation 

between CONUSv1 and point or remote sensing datasets, suggesting very good ability for 

CONUSv1 to simulate continental-scale water balance components. However, the CONUSv1 

model should be considered a work in progress; with approximately 31 million cells in the 

domain, CONUSv1 bias can originate from errors associated with model physics, inputs, process 

representation, or unknowns (Table 3.2). The best publicly available datasets were used to 

populate and drive this simulation, but such inputs are certainly subject to their own errors and 

uncertainties and must be continuously revisited to improve their fidelity. In this section, we 

discuss identifiable errors in model inputs and implications to future model development.  

 

Table 3.2: Examples of potential sources of bias acting on CONUSv1 results 

 

  

3.4.1 Meteorological forcing errors and topographic processing 

 Major biases exist in preprocessing of CONUSv1 meteorological forcing and topography, 

which are peripheral to but act simultaneously with all other sources of bias (Table 3.2). In this 

way, isolating the effects of a single bias source can be challenging. Streamflow itself is sensitive 

Bias category Bias source examples Components directly affected

Topographic processing Watershed drainage area Surface flow volume

Topographic relief Surface flow timing and hydrograph

Stream network mapping Surface flow volume and timing

Atmospheric forcing Precipitation volume Surface flow volume

Precipitation timing and intensity Storm hydrographs

Temperature bias Evapotranspiration, snow water equivalent

Temperature timing Snowmelt timing

Humidity Evapotranspiration

Wind speed Evapotranspiration

Anthropogenic Dams and reservoirs Surface flow volume and timing

Groundwater extractions Groundwater storage

Land disturbance Evapotranspiration, snow water equivalent

Model parameters Hydraulic conductivity Infiltration, recharge, change in storage

Porosity Total subsurface storage

Manning's n Surface flow timing and hydrograph

Land and vegetation (albedo, LAI) Evapotranspiration, snow water equivalent

Aquifer and model depth Groundwater storage

Initial conditions of pressure and saturation Groundwater depth

Epistemic uncertainty in model Scalability of model physics All/Unknown

processes Vertical and lateral parameter aggregation All/Unknown

Process interaction; groundwater-surface 

water and land-atmosphere exchange at 

various temporal and spatial scales

All/Unknown
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to errors in drainage area, topographic relief, and precipitation or temperature bias, and the errors 

in surface and subsurface moisture flux can propagate downstream to impact moisture 

availability and evapotranspiration in areas remote from the original bias source. 

 Topographic slopes were defined from a digital elevation model (DEM) generated by 

HydroSHEDS and subsequently subjected to a hydrologic processing algorithm, which adjusted 

drainage networks to remove true and artificial pits, depressions, and barriers and ensure 

complete river network connectivity (Barnes et al., 2016). However, both loss of resolution in 

DEMs and the topographic processing can result in loss of topographic relief and change in 

drainage area. Therefore, CONUSv1 streamflow percent bias should in theory reflect fidelity of 

upstream watershed area. We compared CONUSv1 drainage area with “true” drainage area 

determined based on geospatial stream properties obtained from the Geospatial Attributes of 

Gages for Evaluating Streamflow (Gages-II) dataset (Falcone, 2002). Figure 3.10 shows the 

relationship between percent difference in observed and simulated streamflow, versus percent 

difference in observed and processed drainage area, for all 2,392 USGS stream gauges. There are 

three primary conclusions to be drawn from this relationship (Figure 3.10a): 1) A clear, linearly 

proportional correlation exists between percent difference in drainage and percent difference in 

streamflow. For streamflow percent difference from observed ranging from -200 to 200%, we 

find that 977 out of 2,392 stream gauges fall within ±30% of this flow-drainage relationship. 

Essentially, this means that for 41% of gauges in CONUSv1, the percent bias in annual flow can 

be primarily attributed to errors in topographic processing. 2) A considerable number of gauges 

exhibit positive percent difference between observed and simulated annual streamflow, and these 

gauges typically are those with very low runoff ratios. Such a finding is not surprising, in that 

streams with low RR will be particularly sensitive to external drivers. And 3) a certain amount of 

noise exists in these drainage-flow relationships, with many locations exhibited higher or lower 

error in annual flow than that expected by drainage errors, regardless of runoff ratio. 
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Figure 3.10: a) Percent difference between observed and simulated annual flow volume as a 

function of percent difference in true and CONUSv1 drainage area, colored by annual runoff 

ratio. b) Locations where error in simulated flow volume is greater than, less than, or expected 

from drainage area bias. Expected behavior was defined as locations that lie within the ±30% 

dashed error bars shown in (a). 

 

 Figure 3.10b shows locations where the flow-drainage relationship was expected or 

unexpected. For the majority of the eastern United States, bias in streamflow is simply a function 

of drainage area bias from topographic processing. The mountainous West was considerably 

noisier, exhibiting in somewhat equal parts lower, higher, or expected annual flow behavior from 

drainage bias. We expect that much of the noise in annual flow bias is a function of precipitation 

and temperature bias and timing, and subsequently snowpack. However, in the Great Plains 

region, the considerable, positive annual flow bias shown in Figure 3.3 cannot be attributed to 

the error in drainage area. In fact, for 600 gauges in the Great Plains area (~20% of all locations), 

the percent difference between CONUSv1 and true drainage area is near 0, but percent difference 

in streamflow is over 30%. We believe that the greatest driver of this bias is the lack of 

groundwater extractions in the CONUSv1 model. Note that not only is the CONUSv1 model 

naturalized for the 2002-2005 simulation period, but its initial condition is informed by 1985 

naturalized spin-up, which does not include at least 50 years of groundwater depletion.  

However, some of the positive annual flow bias behavior in this region could be 

attributed to some biases in cumulative precipitation. The NLDAS meteorological forcing, which 

is described in Section 3.2. 2, was bilinearly interpolated across the CONUSv1 domain; biases in 

precipitation, evaporation, wind speed, humidity, and radiation can therefore come from either 
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the NLDAS product or its statistical downscaling. We compared daily total precipitation and 

average daily air temperature from the interpolated NLDAS product at 9,139 (P) and 1,678 

(temperature) GHCND meteorological stations across the CONUSv1 domain, calculating 

relative bias and Spearman’s r at each location. Figure 3.11 summarizes these comparisons. 

Broadly, we can identify several examples where NLDAS bias are potential drivers of the bias in 

timing and volume of hydrologic fluxes: 

• CONUSv1 Annual precipitation over the Kansas-Nebraska border in the Great Plains 

region is 10-25% greater than observed (Figure 3.11b). This bias could be one source of 

positive flow bias at USGS stream gauges east of the High Plains aquifer. 

• Fidelity in streamflow timing will of course be a function of accurate precipitation timing 

and intensity. A hydrologic model cannot be expected to perform considerably better than 

its recharge forcing, or results could be considered spurious. Areas with weakest 

correlation between observed and NLDAS daily precipitation are in the Rocky Mountain 

headwaters region (Figure 3.11c). In the Upper Colorado watershed as a whole, the 50th 

percentile r value for daily precipitation is 0.55, or the lowest of all other major basins. 

The Upper Colorado is also the basin with poorest overall streamflow timing, with 

r50th=0.32. Similarly, the best performing basin for both streamflow (r50th=0.64) and 

precipitation timing (r50th=0.7) is the Tennessee River Basin.  

• Annual temperature errors can bias modeled ET; this could be the case in several regions 

where CONUSv1 comparisons to the MOD16A2 and to SSEBop MODIS algorithms 

agree. For example, warm temperature biases and positive ET biases (relative to both 

MODIS algorithms, Figure 6g,h) are seen in much of the lower elevations of the 

mountainous West and in the majority of the Pacific Northwest. Spatial patterns of ET 

biases (Figure g,h) in the Upper Mississippi and Ohio River Basins seem to instead 

follow the spatial pattern of precipitation bias (Figure 11b), with regions receiving higher 

precipitation also experiencing higher ET. 

• NLDAS-simulated daily average temperature timing is excellent. However, we do not 

analyze maximum and minimum daily temperature; maximum daily temperature is an 

important driver of total annual ET. Further, temperature was not deseasonalized before 

correlation was calculated, and the seasonal signal will certainly account for the majority 

of temperature variance.  
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More specifically, we can verify specific impacts of NLDAS bias to SWE and ET at 

individual SNOTEL and FLUXNET sites. Figure 3.12 shows observed and simulated (or 

interpolated) meteorological conditions and water balance components for snow and 

evapotranspiration. SWE bias at SNOTEL sites is preferentially low at higher elevations (Figure 

3.12d). While this difference, as discussed above, can to a certain extent be attributed to 

differences in heterogeneous land and vegetation between the point and grid scale (Molotch and 

Bales, 2005), we also find that biases in temperature and precipitation likely drive the CONUSv1 

low bias snowpack. CONUSv1 SWE experiences a low bias in cumulative annual precipitation 

at SNOTEL sites (Figure 12c), and lower elevations exhibit a warm cool season and annual bias 

(Figure 12 a,b), both of which would contribute to low accumulation and high ablation rates. 

While NLDAS shows good agreement at FLUXNET locations (Figure 12g), comparisons 

between NLDAS and observed vapor pressure deficit and wind speed both exhibit a considerable 

amount of scatter (Figure 3.12e,f). Specifically, we find that the poorest performing sites for 

vapor pressure (those in the Upper Colorado river basin) also exhibited the highest magnitude ET 

biases (Figure 12h).  Lower vapor pressure deficits (0 to 20 Pa) and lower wind speeds (0 to 6 m 

s-1) have an overall positive bias, which likely contributes to an overall positive ET bias from 0 

to 2.5 mm day-1 rates. Similarly, we believe bias high-evapotranspiration days (ET > 5 mm day-

1), which CONUSv1 preferentially under-predicts, may be attributed to NLDAS under predicting 

wind speeds greater than ~10 m s-1. Other studies have also highlighted the persistent biases in 

precipitation and temperature estimates from continental or global meteorological products, 

which can propagate into hydrologic model predictions (e.g., Ashfaq et al., 2010; Sperna 

Weiland et al., 2015).  

Errors in atmospheric forcing products often necessitate statistical bias correction before 

simulations are run (Piani et al., 2010). NDLAS specifically has been validated in its ability to 

reproduce meteorological conditions for streamflow (Xia, Mitchell, Ek, Cosgrove, et al., 2012), 

soil moisture (Xia, Ek, et al., 2015), and evapotranspiration (Xia, Hobbins, et al., 2015) 

prediction by LSMs. While long-term spatial patterns and seasonal signals were captured for soil 

moisture and evapotranspiration, results were not particularly encouraging in terms of NLDAS 

fidelity at daily or weekly timescales: all LSMs forced by NLDAS were only useful for a low 

percentage of gauged streams. In this study, it is difficult to directly attribute the portion of 
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streamflow, SWE or ET errors that occur from atmospheric forcing bias, but these water balance 

components would certainly improve with continued progress in meteorological forcing datasets. 

 

 

Figure 3.11: Observed precipitation and temperature at GHCND meteorological stations 

compared to interpolated NLDAS at their nearest neighbor CONUSv1 cell. a) Observed 

cumulative annual precipitation, b) percent bias in annual precipitation, c) Spearman’s r between 

simulated and observed daily precipitation, d) observed mean annual temperature, e) total bias in 

mean annual temperature, and f) Spearman’s r between simulated and observed daily average 

temperature. 
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Figure 3.12: Meteorological forcing, SWE and ET bias at SNOTEL and FLUXNET stations. At SNOTEL locations, colored by 

elevation: a) mean NLDAS mean cool season temperature versus observed cool season temperature, b) mean NLDAS annual 

temperature versus observed cool season temperature, c) NLDAS annual cumulative precipitation versus observed, and d) CONUSv1 

annual peak SWE versus observed. At FLUXNET locations, colored by the major basin location of the FLUXNET site: e) Daily 

NLDAS vapor pressure deficit versus observed, f)  daily NLDAS near-surface lateral wind speed versus observed, g) daily NLDAS 

mean air temperature versus observed, and h) CONUSv1 daily ET versus observed.  Lines show linear regression with p<0.05 in all 

case.
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3.4.2 Anthropogenic process representation and other epistemic errors 

 Plenty of sources of uncertainty can contribute to biases not discussed above (Table 3.2). 

We have chosen to address meteorological forcing and topographic processing errors above, 

simply because they are somewhat readily verifiable, while parameter population and other 

epistemic uncertainties, such as simplification or scaling of model physics, are poorly 

constrained or simply unknown. Other biases include population of model parameter fields. 

While we do not discuss model parameter uncertainty, such as conductivity, porosity, van 

Genuchten parameters, Manning’s surface roughness, land and vegetation parameters, or model 

horizontal and vertical discretization, these are also areas for improvement.  

For example, Maxwell et al. (2015) show that geologic and soil parameters are liable to 

errors via political boundaries, such as state lines; and the CONUSv1 model oversimplifies 

deeper geology, with a 100m vertically homogenous layer. However, as mentioned above, these 

fields are poorly constrained at the continental scale, and simulations are necessarily limited by 

availability of appropriate distributed products. Model parameter population is often addressed 

through calibration, but population of parameter fields becomes increasingly difficult as 

resolution increases and calibration becomes more computationally demanding. Future model 

iterations may need to take advantage of methods that allow transfer of parameters (e.g. 

conductivity) from coarse-resolution, efficient models to high resolution ones (Foster & 

Maxwell, 2019).  

Model discretization is another concern. Coarsening of vertical and lateral resolution is a 

necessity at the continental scale but aggregating to ~1km resolution certainly comes with 

inherent uncertainties and loss of information. DEMs in particular will lose topographic drivers 

with scale (Wu et al., 2008), resulting in loss of relief; but on the other hand, coarse resolution 

cells could result in inappropriately steep pressure gradients as a function of Richards’ equation 

parameterization and pressure-dependent permeability (Maxwell and Condon, 2016), and 

appropriate vertical length scales for Richards’ equations generally do not exceed several meters 

(Or et al., 2015). This calls to question the scalability of model physics; as Beven and Cloke 

(2012) rightly point out, whether or not governing partial differential equations will scale linearly 

is a concern. However, the current governing equations for CONUSv1 are simply the best 

currently known representation of hydrologic processes at this scale. 
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Finally, process representation is certainly a concern. Transient anthropogenic modules, 

such as urban hydrology models, pumping and injections, or surface water diversions, are 

currently possible but add to computational demand and require detailed historical data on water 

use with temporal and spatial coverage simply not yet available. As a naturalized model, the 

CONUSv1 simulations presented here will necessarily overpredict water tables and baseflow in 

regions where extractions are apparent. For instance, Maxwell and Condon (2016, supplemental 

information), show streamflow examples at Lees Ferry USGS gauge, where timing and volume 

of streamflow are entirely governed by dam hydraulics. Condon and Maxwell (2019) show that 

incorporating a century of groundwater depletion across the CONUSv1 domain will considerably 

decrease streamflow, with sensitivity to pumping concentrating downstream; more specifically, 

they found that long-term depletions over the High Plains aquifer resulted in a swap of 

discharging to recharging groundwater.  

However, naturalized continental models with high fidelity in non-anthropogenic settings 

could be used to estimate impact from human influence, simply by examining the difference 

between observed and simulated conditions. As an example, Figure 3.13 shows observed and 

simulated water level change over the High Plains aquifer during the simulation period. As 

would be expected, observed drawdown in the majority of the aquifer area is lower in the 

CONUSv1 model. In the north and northwest regions, observed drawdown was on average 1.5 m 

after the simulation period, while CONUSv1 modeled a drawdown of -0.4 m (increase in water 

level). The CONUSv1 model could be used to identify regions where drawdown could be 

appropriately attributed to climatic (where simulated and observed agree, e.g. Figure 3.13d) or to 

anthropogenic (where pumping is evident, e.g. Figure 3.13c) influence. 
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Figure 3.13: Observed (a) and simulated (b) drawdown over the simulation period. Also shown 

are timeseries of area-weighted and loess-smoothed water levels over circled regions labeled (c), 

(d), and (e). Shaded areas represent 95% confidence intervals. 

 

3.5 Conclusions and implications 

The results from a transient, coupled hydrologic-land surface simulation were validated at 

the continental scale and at hyper-resolution using a diverse set of monitoring networks and 

state-of-the-art remote sensing products. We found that CONUSv1 produced very good temporal 

patterns, with the following 50th percentile (in space, over the entire domain) Spearman’s rank 

correlation r for individual water balance components: r50th = 0.65 for R, with evaluation against 

daily USGS stream gauge observations; r50th = 0.72 for ET, with evaluation against daily 

FLUXNET eddy covariance observations (for monthly HUC8-aggregated remote sensing 

products, r50th = 0.84 for ET relative to MOD16A2 algorithm and r50th = 0.91 for ET relative to 

SSEBop algorithm); r50th = 0.80 for major basin-aggregate S, with evaluation against monthly 

GRACE remote gravity field sensing; r50th = 0.46 for filtered USGS well observations, which are 

related but not equivalent to Sgw; r50th = 0.72 major basin-aggregate Ssoil, with evaluation against 

ESA CCI monthly SM from active/passive microwave sensors (Upper Colorado excluded due to 

uncertainties in ESA CCI over snow-covered, densely forested, and topographically complex 

land area); and r50th = 0.92 for Ssnow, with evaluation against daily SNOTEL point observations. 

Biases such as under-predicted snowpack relative to telemetry sites, streamflow 

volumetric flow biases and timing, and various differences in evapotranspiration products and 

eddy flux tower observations, can largely be attributed drainage area differences, precipitation 
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and temperature biases, and wind speed and vapor pressure deficit biases. The relationships 

between bias in the pre-processing of topography and meteorological forcing datasets and bias in 

simulated water balance components, suggest that a large portion of the exhibited model error is 

simply a function of model inputs, and that integrated modeling at this scale is extremely 

promising if atmospheric forcing datasets and terrain processing algorithms can be improved. 

For instance, we showed that volumetric flow bias in over 40% of gauges was a direct result of 

terrain processing, while an additional 25% would benefit from the additional process 

representation of pumping in the High Plains aquifer.  

As a hypothetical example of CONUSv1 performance in ideal conditions, we show in 

Figure 3.14 selected examples of individual gauge comparisons for each major basin in the 

CONUSv1 domain. Gauges chosen for Figure 3.14 were those that tended to be minimally 

impacted by bias from anthropogenic effects or by errors in basin delineation by topographic 

processing. Such gauge attributes were determined based on geospatial stream properties 

obtained from the Geospatial Attributes of Gages for Evaluating Streamflow (Gages-II) dataset 

(Falcone, 2002), as well as the National Hydrography Dataset (see the supplemental information 

in Maxwell & Condon (2016) for detailed description of geospatial stream gauge attributes). 

Streamflow timeseries examples in Figure 3.3 include gauges with the following properties: 1) 

represented greater than 300 km2 upstream drainage area, 2) CONUSv1 drainage area differed 

from actual drainage area by less than 20 %, 3) total dam storage was less than 3 % of total 

annual flow for the closest upstream dam, 4) total withdrawals for previous five years were less 

than 3% of total annual flow, 5) total irrigated area in 2002 constituted no more than 15% of the 

total drainage area, and 6) upstream area Spearman’s r for precipitation performance must be 

greater than 0.5. The examples in Figure 3.3 therefore represent naturalized gauges, those with 

minimal bias in a priori inputs, low anthropogenic impact, and good performance potential.  

 



 91 

 

Figure 3.14: Examples of simulated and observed flows at naturalized gauges with low drainage 

area bias for each major river basin in the CONUSv1 domain. 

 

The excellent agreement at these example gauges provides a glimpse at the performance 

potential for CONUSv1 if readily identifiable biases were reduced. Importantly, this study’s 

results imply that major improvements can be made to CONUSv1 without necessarily relying on 

parameter calibration, and that a large portion of error comes not from model physics or 

distributed parameter fields, but from terrain processing and atmospheric forcing bias. High-
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resolution integrated modeling at the continental scale is therefore completely feasible and will 

certainly see improvements in the near future with increased availability of open-access and 

distributed datasets, remote sensing advancements, improved monitoring networks, and 

advancements in highly parallelized computing.  
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CHAPTER 4 

PARTITIONING REMOTELY SENSED TOTAL WATER STORAGE CHANGES WITH A 

CONTINENTAL-SCALE COUPLED HYDROLOGY LAND SURFACE MODEL 

 

4.1 Introduction 

Recent advances in remote sensing have gifted hydrologists across the globe with the 

ability to observe fluctuations in terrestrial water storage from space. Since the program was 

launched in March of 2002, the Gravity Research and Climate Recovery Experiment (GRACE) 

satellite mission has mapped Earth’s gravity field at approximately monthly intervals, providing 

estimates of mass variability attributable to fluctuations in vertically integrated water storage in 

land, ocean, and atmosphere (Tapley et al., 2004). The TWS solutions, traditionally on 

longitudinal grids ranging from 0.25° to 1° lateral resolution, are provided by the Center for 

Space Research (CSR), the German Research Center for Geoscience (GFZ) and the Jet 

Propulsion Laboratory (JPL). These TWS estimates have been shown to resolve droughts (J. L. 

Chen et al., 2009; Leblanc et al., 2009; Long et al., 2013; Thomas et al., 2017), natural and 

anthropogenic aquifer depletion (Al-Zyoud et al., 2015; Huang et al., 2015; Munier et al., 2012; 

Bridget R Scanlon et al., 2012), changes to permafrost storage (Muskett & Romanovsky, 2011), 

and even flooding events (Steckler et al., 2010). Given the global reliance on groundwater 

resources, increased agricultural and municipal demand, and aquifer overexploitation (Bridget R. 

Scanlon et al., 2012), the GRACE experiment is an immeasurable research and has encouraged 

an unprecedented number of studies on subsurface water resource depletion over the last two 

decades. 

While GRACE estimates have catalyzed remote sensing and hydrologic science 

coordination, global aquifer monitoring, and even interstate or international coordination of 

water resource monitoring efforts (e.g., Voss et al., 2013), the TWS solutions are certainly not 

without error and are often mishandled. GRACE spherical harmonic (Stokes) solutions are 

traditionally destriped, truncated at the maximum degree and order of 60, and filtered in order to 

resolve the total water storage (TWS) signal from the geopotential coefficients (Landerer & 

Swenson, 2012a; S. Swenson & Wahr, 2006; Wahr et al., 2006). The low-pass filtering process 

designed to reduce noise inevitably results in signal loss; GRACE TWS solutions exhibit a great 
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deal of leakage error and uncertainty associated with attenuation. Uncertainty increases with 

decreasing basin size, such that application of GRACE estimates below approximately the 

150,000 km2 is not recommended (Rowlands et al., 2005). Further, GRACE solutions represent 

anomalies of all aggregated hydrologic stores; identifying dominant sources or causes of storage 

change are not possible with the GRACE TWS solutions alone, nor is total water storage, as 

GRACE represents the change in mass relative to its launch date, rather than the actual water 

stored in a given area. 

With these uncertainties in mind, an objective in the GRACE literature has been to 

partition out the groundwater storage signal (and other components) from GRACE by using 

synthetic models, typically in the form of land surface models (LSMs), to provide estimates of 

all other hydrologic stores. In general, this methodology involves auxiliary estimates of 

components of the water balance equation (e.g., Equation 3.1 in Chapter 3), including snow 

water equivalent, soil moisture, surface water, precipitation and evaporation. Hydrologists have 

partitioned GRACE TWS signals with varying degrees of success, often finding that land surface 

models underestimate the seasonal amplitude relative to GRACE (e.g., Tang et al., 2009). While 

soil and vegetative parameterization, as well as atmospheric forcing, could all contribute to this 

discrepancy, it may also be attributed to deep storage reserves that contribute to root zone 

exchange and that LSMs simply do not resolve; for example, in a study combining GRACE 

TWS with the Climate Change Initiative Soil Moisture product from active passive microwave 

sensors, Ma et al. (2017) found that less than half of the seasonal TWS signal was explained by 

soil moisture alone. Global water balance models can struggle to reproduce both seasonality and 

trend in GRACE signals, often with an incredibly wide spread in performance (Bridget R 

Scanlon et al., 2018; Zhang et al., 2017b), which suggests that groundwater storage estimates 

from GRACE and LSM assimilation are heavily model-specific. Döll et al. (2014) compared 

GRACE TWS estimates with the global water model WaterGAP as well as global positioning 

system observations, finding that uncertainty in both GPS (due to low observation density) and 

GRACE (due to signal attenuation from low-pass filtering) was too high to monitor 

anthropogenic abstractions.  

On the other hand, some have successfully assimilated GRACE into land surface models 

with the goal of improving drought monitoring; in a particularly interesting study, Li et al. 

(2012) found that GRACE data assimilation improved runoff predictions even in basins less than 
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the effective basis function size (~300,000 km2). Assimilation of GRACE anomalies into a 

Mississippi River Basin land surface model using an ensemble Kalman smoother resulted in 

improved performance at gauged river flows (Zaitchik et al., 2008); and although groundwater is 

typically the component of interest, others have used GRACE TWS estimates to extract snow 

water equivalent with more reliability than microwave retrievals (G.-Y. Niu et al., 2007). Grippa 

et al. (2011) found good general agreement between land surface model and GRACE land water 

storage patterns over West Africa, both in space and time; and (Joodaki et al., 2014a) supported 

GRACE-derived groundwater depletions in Iran with in situ well observations, after removing 

soil moisture, snow, canopy storage, and river storage from GRACE with CLM4.5 LSM. Other 

works have suggested that GRACE TWS products could be used to improve anthropogenic 

process representation in LSMs; in a notable study related to North American aquifer depletion, 

Nie et al. (2018) found that incorporating a groundwater irrigation scheme into Noah-MP LSM 

improved model realism and comparisons to GRACE TWS anomalies. It is clear that combining 

LSM-based estimates of snow, soil, surface, and vegetative water stores with GRACE column-

summed storage is both a promising methodology, and one with vast uncertainty; GRACE 

leakage and measurement error, signal attenuation, uncertainties in upscaling LSMs or 

downscaling remote sensing products, along with widespread uncertainties in distributed 

parameters, model physics, and atmospheric forcing, all contribute to errors in water balance 

partitioning. Such uncertainty encourages the use of LSMs with high fidelity compared to in situ 

measurements and other available remote sensing products and models, as well as those that best 

represent the governing physics that drive moisture and energy exchange.  

In this study, we employ a hyper-resolution (1 km2) integrated land surface – hydrology 

model to partition GRACE estimates of total water storage into respective water balance 

components. The ParFlow-CLM model configured over the contiguous United States, version 

1.0 (CONUSv1), was described in Chapter 3 and represents a well validated land surface model 

with advanced, physically-based, fully-coupled groundwater and surface water hydrology. As an 

integrated model that maintains physical realism and resolves moisture exchange between 

saturated zones, unsaturated zones, land surface and vegetation, the CONUSv1 model provides a 

unique opportunity to analyze interannual and seasonal signal partitioning of a wide range of 

hydrologic stores. The primary goals of this study are to: 
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• Build upon the discussion of Chapter 3 by providing more detailed CONUSv1 and 

GRACE TWS comparisons; this includes isolating CONUSv1 and GRACE TWS 

differences for major basins and principle aquifers across the United States and 

discussing the potential sources for these differences. Attributable differences between 

the LSM and GRACE can include the initial subsurface moisture condition, atmospheric 

forcing, and anthropogenic effects. 

• Decompose total GRACE and CONUSv1 storage timeseries using seasonal trend 

decomposition, in order to isolate interannual variability from seasonal signals. 

• Identify regions in which the seasonal component of the GRACE TWS timeseries is well 

explained (or unexplained) by the CONUSv1 TWS estimates. 

• Partition CONUSv1 storage changes into signals from snow water equivalent, surface 

water, soil moisture, and shallow aquifer storage. Further, we identify primary water 

stores responsible for the greatest portion of signal variance. 

• Analyze TWS signal partitioning for major basins and aquifers across the United States, 

with particular focus on the potential anthropogenic signals 

A brief description of land surface and hydrologic modeling is given in Section 4.2, and 

area-weighted mean timeseries of major basins and aquifers are discussed in Section 4.3. In the 

discussion section (Section 4.4), we analyze the relative variance of the TWS signal that is 

explained by different water balance components. Numerous uncertainties, including but not 

limited to GRACE signal attenuation, CONUSv1 parameterization, and atmospheric forcing 

bias, contribute to the difference between CONUSv1 and GRACE. These uncertainties impede 

our ability to reliably attribute a portion of the GRACE – CONUSv1 remainder to abstractions 

such as groundwater pumping; however, much information can be gained from our ability to 

partition sources of storage change. Results suggest that while soil moisture is the primary 

component responsible for seasonality in TWS signals, this component rarely explains the 

majority of the raw TWS signal. This is especially true in the arid West, where snow dominates 

seasonality in mountainous regions, and where groundwater plays an import in overall TWS 

variance by dominating lower frequency (longer-term) signals. In the eastern United States, 

surface water has a strong influence on both seasonality and trend surrounding topographic 

convergence zones, and these signals propagate to intensify downstream. We propose that many 
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of the differences seen in LSM-GRACE comparisons in arid regions are likely due to the LSMs’ 

respective treatment of saturated soils, depth to saturation, and depth of column aggregation.  

 

4.2 Methods 

4.2.1 Integrated modeling with ParFlow-CLM: Physical description and model extent 

A full description of land surface and hydrologic modeling methodology is given in 

section 3.2 of Chapter 2; however, we provide a brief overview here. The full water balance was 

simulated using the hydrologic model ParFlow, which integrates groundwater and surface water 

using the three-dimensional, variably saturated mixed form of the Richards’ equation (equation 

3.3). Overland flow is calculated using the kinematic wave approximation of the momentum 

equation (equation 3.4). The ParFlow hydrologic model has been coupled to several different 

LSMs to provide an explicit description of subsurface-land surface-vegetation moisture transfer; 

coupled platforms include ParFlow coupled to Noah LSM and the Weather Research and 

Forecasting model (Reed M. Maxwell et al., 2011); ParFlow coupled to CLM (Jefferson et al., 

2017); and ParFlow coupled to the Advanced Regional Prediction (ARPS) (Xue et al., 2000) and 

the Consortium for Small-scale Modeling (COSMO) (Shrestha et al., 2014) atmospheric 

modeling platforms via CLM. This study employs ParFlow-CLM coupling (see Figure 4.1b) to 

calculate hourly partitioning of turbulent surface fluxes and hour evapotranspiration from 

atmospheric conditions (equations 3.5 through 3.7). ParFlow-CLM was run over a rectangular 

domain spanning over 6.3 million square km of the contiguous United States (Figure 4.1a) at 1-

km lateral resolution. This model, subsequently referred to as CONUSv1, was informed by soil 

and geologic units from the soil survey geographic database (SSURGO) and Gleeson et al. 

(2011), respectively, to populate five layers of increasing thickness (0.1, 0.3, 0.6, 1.0, and 100 m) 

to encompass a total model depth of 102 m. Initial conditions were introduced using an in-depth 

spinup process (see section 3.2.2), and the model was driven by state-of-the-art forcing derived 

from the North American Land Data Assimilation System Phase 2 (NLDAS-2). The CONUSv1 

model was run for 2002 through 2005 water years; 2002 was chosen as the first year given that it 

is the first full water year of the GRACE Tellus experiment, and the simulation period is limited 

to three years only due to the considerable computational demand of the CONUSv1 model (see 

Sectin 3.2.2). CONUSv1 storage components consisted of snow water equivalent (calculated by 

the CLM snow module), soil water storage (extracted from the top four layers, over which 
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transpiration occurs), groundwater (extracted from the bottom CONUSv1 layer of 100m 

thickness), and surface water. 

In Chapter 3, CONUSv1 forcing and results from a three-year simulation were 

temporally validated against more than 14,000 in-situ observations of precipitation, temperature, 

vapor pressure deficit, wind speed, evapotranspiration, snow water equivalent, surface runoff, 

and water table depth; it was also compared to two microwave sensing products of 

evapotranspiration estimates, one active/passive microwave soil moisture product, and five 

GRACE products at varying resolutions. Results showed that for the 2003-2005 simulation, the 

CONUSv1 model captured appropriate temporal and spatial patterns for water balance 

components at the continental scale. Given the performance detailed in Chapter 3, we have 

confidence in the CONUSv1 model’s ability to reproduce seasonal and interannual signals in 

response to naturalized conditions and climatic forcing. However, as discussed in Chapter 3, a 

high margin of error exists considering the considerable uncertainty associated with model 

parameters and input datasets, meteorological forcing, and anthropogenic effects. 

 

4.2.2 GRACE TWS anomalies from the Center for Space Research 

In this study, CONUSv1 outputs are compared to the CSR GRACE RL06 mascon 

solutions. While three spherical harmonic products from GRACE Tellus and two mascon 

products exist in total, we chose to focus on the CSR mascon product (hereafter referred to as 

CSRm) for brevity and for two primary reasons: 1) Unlike spherical harmonic solutions, mascon 

solutions require little to no empirical de-striping or filtering to remove correlated errors and 

noise; the mascons therefore experience considerably less signal attenuation than spherical 

harmonics, and 2) while the JPL mascon product is provided as a 3-degree basis function with 

subsequent land grid scaling to downscale to ½ -degree, the CSRm solution does not require a 

gain factor application (Save et al., 2016). Note that while spatial comparisons varied at the 

mascon scale depending on the GRACE product of choice, basin-aggregated timeseries were 

very similar between all 5 GRACE products (see, for example, Figure 3.6). CONUSv1 and 

GRACE TWS estimates were aggregated to United States major basins and principle aquifers 

(Figure 4.1a) using equal area weighting. While the regular GRACE anomaly baseline is relative 

to the 2004 through 2009 mean storage, anomalies for both ParFlow and GRACE were 

computed relative to the 2002 through 2005 mean storage value. CSRm solutions are expected to 
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have an uncertainty of roughly 2cm of water height globally (CSR GRACE RL05 Mascon 

Solutions, http://www2.csr.utexas.edu/grace/RL05_mascons.html); however, mascon errors are 

not independent uncertainty therefore increases with decreasing basin size, such that 2cm is an 

underestimate. Spatial comparisons between CONUSv1 and CSRm were first done by 

aggregating the 1-km resolution ParFlow-CLM model to the GRACE product resolution at ¼ 

degree scale (although it should be noted here that while CSRm data are presented on a ¼ degree 

grid, their representative equal-area geodesic grid is on the scale of 1-degree, such that adjacent 

CSRm ¼ degree grid cells are not independent). 

 

4.2.3 Seasonal trend decomposition 

 First introduced by (Cleveland et al., 1990), the Seasonal Trend Decomposition using 

Loess procedure (STL) is a method for deseasonalization that robustly the low-frequency, 

interannual component and the high-frequency subannual component from a timeseries. Many 

have used the STL method to extract seasonal TWS anomaly signals from GRACE timeseries 

(Baur, 2012; Grippa et al., 2011; Hassan & Jin, 2014; Humphrey et al., 2016). With the STL 

method, the original signal Xi is expressed as a sum of the long-term component Xl, the seasonal 

component Xs, and the subannual residual Xr: 

!! = !" + !# + !$   (4.1) 

 

While the long-term component is often further decomposed into linear trends and interannual 

variability (annual deviations from the linear trend), three years of simulation does not well 

represent long-term change outside of seasonal variability. Therefore, we do not distinguish 

inter-annual and linear trends here. The discussion below focuses on results for either the raw 

(original) TWS signal or the seasonal component. STL decomposition was conducted for 

GRACE TWS timeseries, for CONUSv1 TWS timeseries, and for each CONUSv1 hydrologic 

component: snow, soil moisture, groundwater, and surface water storage.  
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Figure 4.1: a) Spatial extent of the CONUSv1 domain overlain by principle aquifers of the contiguous United States. Bold grey lines 

indicate major basins. b) Schematic of ParFlow-CLM physical processes and coupling.  
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4.3 Results: Raw and seasonal total water storage anomalies 

 Figures 4.2 and 4.3 show spatially aggregated anomaly timeseries of GRACE and 

CONUSv1 storage components, for major basins and principle aquifers, respectively. Two 

general categories of information are shown in these figures. First, CONUSv1, GRACE (CSRm), 

and the CONUSv1-GRACE remainder are highlighted in bold blue, black, and dashed red lines, 

respectively, with shaded regions showing the 2cm uncertainty in equivalent water height. For 

regions such as the Upper Mississippi River Basin, where the shaded remainder encompasses 0 

equivalent water depth for much of the simulation period, the CONUSv1 model well explains 

raw GRACE TWS anomalies. In most cases, CONUSv1 captures seasonal timing but differs 

from GRACE in amplitude (the Tennessee River Basin, Figure 4.2b) or in trend (the Upper 

Colorado River Basin, Figure 4.2b, and the Colorado Plateaus aquifers, Figure 4.3e). Second, 

CONUSv1 storage components are shown in dotted lines; the sum of all components is the 

aggregate CONUSv1 storage anomaly signal. 

Broadly, CONUSv1 captures similar timing to CONUSv1 in response to interannual 

variability; for example, Pacific Northwest and Basin and Range aquifers both experience the 

greatest recharge over the 2005 water year, a spike in equivalent water depth that CONUSv1 

captures (Figure 4.3 b and c. This also occurs in the Lower Colorado river basin, Figure 4.2g). 

CONUSv1 also has similar behavior to GRACE for the Mississippi embayment aquifers and the 

Upper Mississippi River basin. The overall TWS signals between GRACE and CONUSv1 

generally have a strong correlation, with major basin Spearman r percentiles of 0.75 (25th 

percent), 0.78 (50th percent), and 0.86 (75th percent). However, some differences are apparent. 

CONUSv1 overestimates the increase in storage from 2003 through 2005 in most western basins 

and aquifers, and the primary driver of trend overprediction is CONUSv1 groundwater storage 

(in the CONUSv1 bottom layer) (Figure 4.3e, for example). In other regions, the modeled and 

remotely sensed behaviors are out of phase (Figure 4.3i, the Pennsylvanian Sandstone Aquifers).  
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Figure 4.2: Total water storage (TWS) anomaly timeseries for GRACE (black), CONUSv1 

(blue) and the remainder, for U.S. major basins. Also shown in dotted lines are CONUSv1 

storage partitioning into groundwater (dark blue), surface water (purple), soil moisture (orange), 

and snow water equivalent (grey). 
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Figure 4.3: Same as Figure 4.2, with aggregation over principle aquifers listed in Figure 4.1. 

 

 Many studies have treated the remainder between LSM estimated storage and GRACE 

anomalies as an indicator of groundwater abstractions from pumping (Castle et al., 2014; Joodaki 

et al., 2014a; Tangdamrongsub et al., 2018). For CONUSv1 2003-2005 runs, the decreasing 

remainder observed in many western regions could indeed be indicative of deeper (>100m) 

groundwater losses or anthropogenic impacts. For example, Konikow (2015) estimates that the 

High Plains (Ogallala) aquifer was depleted more than 260 km3 between 1900 and 2000, which 

is equivalent to at least 6 mm of equivalent water depth lost per year. However, there are many 

uncertainties that could jeopardize this assumption. First, the initial condition of subsurface 

storage on October 1, 2002, is simply unknown. While the CONUSv1 spinup process was 

designed to limit artificial drift in hydrologic stores and subsequent biasing of soil and surface 

water conditions (Ajami et al., 2014), the spinup was done for the 1985 water year. This year 

represents the water year with most average conditions within three decades; however, a 
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reasonable explanation of CONUSv1 increasing groundwater in western aquifers (e.g. Figure 

4.3e) is simply that the 1985 year was dryer in the western U.S. than 2002. Even a spinup of the 

2002 water year itself would not appropriately represent the near 50 years of interannual 

variability in recharge preceding the initial condition. On a related note, the initial condition used 

in these CONUSv1 simulations was naturalized and did not represent nearly a century of 

anthropogenic impacts and aquifer depletion. Similarly, atmospheric forcing biases could exist 

that bias recharge over the three-year period. In Chapter 2, we noted a warm temperature bias 

from NLDAS forcing in the western U.S. with the exception of mountainous regions, which 

tended to have considerable variability in annual mean temperature performance. Individual 

precipitation gauges received up to ±50% difference in annual precipitation from NLDAS than 

was observed. For example, Felfelani et al. (2017) found that for different land surface models, 

the difference between LSMs and grace was comparable to bias in atmospheric forcing variables. 

Other uncertainties such as model parameterization, GRACE measurement and leakage errors, 

and signal attenuation through upscaling CONUSv1 1-km outputs, can also mask expected 

groundwater signals. 

Despite these uncertainties, seasonal comparisons between CONUSv1 storage partitioning 

and GRACE TWS signals can detail the relative influence of diverse hydrologic stores, as well 

as their relative annual phase. Seasonal signals extracted using the STL method are shown in 

Figure 4.4 and 4.5 for major basin and aquifer aggregates, respectively. The seasonal cycle for 

several basins and aquifers is fully explained by CONUSv1 (the annual signal lies almost 

entirely within uncertainty bars), including the Upper Mississippi, Upper Colorado, and Lower 

Colorado major basins (Figure 4.4), and the High Plains, Basin and Range, and Pacific 

Northwest aquifers (Figure 4.5). For most other regions, CONUSv1 exhibits a lower seasonal 

amplitude than GRACE. In most regions, soil moisture is the most important variable for 

determining annual amplitude; however, the Mississippi embayment region receives a large 

contribution of seasonality from surface water (Figure 4.5c). The Pacific Northwest, Great Basin, 

and Colorado Basin and Plateaus have similar contributions of soil moisture and snow water 

equivalent to the seasonal cycle, with soil moisture lagging approximately two months behind 

peak SWE. For most regions, groundwater seasonality is heavily damped, and lags behind peak 

SWE by approximately 4 months (e.g., Figure 4.5i). This dampened and lagged signal from 

recharge at the surface to groundwater stores is well documented, with some studies using a 
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combination of wells, soil moisture and GRACE products to illustrate the dampening and phase 

shift that occurs with depth and the effect this has on composite total water storage anomalies (S. 

Swenson et al., 2008). 

 

 

Figure 4.4: Total water storage (TWS) anomaly seasonal timeseries for GRACE (black), 

CONUSv1 (blue) and the remainder, for U.S. major basins. Seasonal anomalies were calculated 

using the SLT decomposition. Also shown in dotted lines are CONUSv1 seasonal storage 

partitioning into groundwater (dark blue), surface water (purple), soil moisture (orange), and 

snow water equivalent (grey). 
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Figure 4.5: Same as Figure 4.4, with aggregation over principle aquifers listed in Figure 4.1. 

 

4.4 Discussion: Variance of GRACE TWS explained by ParFlow storage components 

  The CONUSv1 is an ideal model to compare to GRACE given that 1) it has been 

validated for all naturalized water budget components against number in situ and remote sensing 

observations (Chapter 3), and 2) unlike many LSMs, which are often 2-10 m deep, the 

CONUSv1 model resolves deep storage (what we may refer to as shallow aquifer storage). 

Major-basin aggregates of total water storage show very strong correlation between CONUSv1 

and GRACE. However, given comparisons for raw and seasonal timeseries show in Figures 4.2 

through 4.5, the CONUSv1 model does not capture all of the change in hydrologic stores that 

form a composite for GRACE storage changes. In particular, amplitude appears to be 

underestimated in the majority of hydrologic regions, despite the strong temporal correlation. 

Other LSMs have been shown to struggle to match GRACE amplitudes as well, particularly in 

arid regions (Zhang et al., 2017b). Here, we discuss the partitioning of CONUSv1 TWS into 
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different hydrologic stores and how process representation may affect an LSM’s ability to 

reproduce GRACE storage anomalies.  

 Figures 4.6 shows the component of CONUSv1 total water storage (aggregated to ¼ 

degree CSRm mascons) that explains the greatest portion of variance of the total TWS 

timeseries. Across the majority of the model domain, soil moisture provides the dominant signal 

to the total water storage timeseries. This is interrupted to some extent by groundwater and snow 

water equivalent contributions in the West, and by groundwater and surface water contributions 

in the East, while regions north of the Great Lakes show SWE dominating the TWS signal. 

Figure 4.6b also shows the variance explained by the dominant signal.  

Figure 4.7 again shows the dominant component from the CONUSv1 TWS timeseries, 

but the seasonal signal has been extracted with STL decomposition. The dominant components 

and the variance explained suggest several important features of TWS signal partitioning. 

While soil moisture is the dominant interannual and seasonal signal for the majority of 

the CONUSv1 domain (Figure 4.6a, 4.7a), results corroborate findings by Ma et al. (2017) and 

others suggesting that for a large portion of land area, soil moisture does not account for the 

majority of total water storage signal. This has major implications for post-processing of 

GRACE data. For instance, signal attenuation from de-striping and Gaussian filtering of 

spherical harmonic solutions is often corrected using synthetic forward modeling approaches 

(see Appendix A). In this case, a land surface model is subjected to the same filtering approach 

that GRACE undergoes, and the result is fitted with least squares regression to the original LSM 

solution. The multiplicative difference that minimizes signal loss is then applied to GRACE; 

however, this process assumes that the LSM encompasses all timeseries components that would 

contribute to signal attenuation when filtered. In locations where the dominant signal contributes 

less than the majority of variance to the TWS timeseries, LSMs that do not explicitly represent 

groundwater may be under- or over-estimating signal attenuation from filtering.  
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Figure 4.6: a) Component of CONUSv1 storage that explains the greatest portion of variance in 

the total water storage signal. b) Variance explained by dominant hydrologic store. 
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Figure 4.7: Same as Figure 4.6, with seasonal total water storage signal from STL 

decomposition. 
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On that note, groundwater explains the greatest amount of variance in the TWS signal for 

a considerable amount of land area in the West (Figure 4.6). Given that it explains little of the 

seasonal signal, it is clear that groundwater responds to long-term changes in storage and is more 

attributable to total water storage trend than seasonal or subannual variability, which is to be 

expected. However, groundwater can still be an important storage component for synthetic mass 

distributions mentioned above. As Scanlon et al. (2012) point out, the synthetic mass 

distributions used in forward modeling signal correction approaches should be as near the true 

mass distribution of GRACE as possible; LSMs that necessarily omit the groundwater 

distribution can bias signal correction. Groundwater also has a complex relationship with surface 

water stores and their variability. Groundwater is the dominant signal in upstream reaches along 

the Missouri and Mississippi rivers and in regions that would respond to snowmelt signals 

(slopes of the Rocky Mountains) (Figure 4.6a and Figure 4.7a), suggesting that groundwater-

surface water interaction is an important driver of TWS seasonality. 

  

4.5  Conclusions and implications 

 Total water storage anomalies from a hyper-resolution, continental-scale integrated 

groundwater-surface water model (the CONUSv1 ParFlow-CLM model) show strong correlation 

with GRACE gravity-derived anomalies; however, GRACE and CONUSv1 differ considerably 

in amplitude and mutli-year storage losses (or gains) in several major basins and aquifers in the 

United States. In most cases, LSM and GRACE comparisons are done with the goal of extracting 

the groundwater storage signal, with the LSM providing a priori quantities of snow, soil 

moisture, and to a limited degree surface water. However, CONUSv1 explicitly resolves storage 

anomalies to up to 102 m depth, thereby representing shallow aquifer storage. The differences 

seen between GRACE and CONUSv1 therefore describe either unrepresented processes in the 

integrated groundwater model (groundwater abstractions, deep aquifer storage below model 

depth), or they are due to uncertainties in either the GRACE or CONUSv1 product, of which 

there are many. We did observe that the CONUSv1 – GRACE remainder (possibly analogous to 

anthropogenic impacts to deep groundwater storage) decreased over the three-year simulation 

period in many regions across the western U.S., but uncertainties are too high to reliably attribute 

the effect to anthropogenic influence. This study partitioned the TWS anomalies from CONUSv1 

model into snow water equivalent, surface water storage, groundwater storage, and soil moisture 
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storage. Given that snow, surface water, and soil moisture have all been validated against an 

impressive number of point observations and available remote sensing products (see Chapter 3), 

we have fairly high confidence in their magnitudes and their contributions to overall storage 

anomalies that would be observed by GRACE. Not unexpectedly, results show that soil moisture 

is the component explaining the most of TWS signal variance for the majority of the model 

domain, both for total signal and for the seasonal signal extracted with the STL procedure; 

however, while soil moisture is the dominant signal, in many regions – particularly the arid west 

and the upper Ohio River basin, soil moisture still explains less than half of the variance in total 

water storage signals. The groundwater signal was most important in the Rocky Mountain west 

for the overall TWS signal but explained little overall variance of the seasonality except in key 

locations near discharging river valleys. Other work by (Xia et al., 2016) has compared GRACE 

with LSMs that contain groundwater components, finding that the LSM ability to capture 

seasonal and long-term anomalies and spatial patterns, as well as the partitioning of TWS into 

SWE, soil moisture and groundwater, were heavily model and basin-dependent. Our results 

suggest that groundwater supplies a significant enough portion to interannual TWS signal to 

motivate further development and use of LSMs that account for groundwater in GRACE 

applications. 
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CHAPTER 5 

CONCLUDING REMARKS 

 

 

 Several recurring themes are evident in the studies presented here. First, a major 

challenge in advancing the fields of integrated, coupled and extreme-scale hydrology will be 

addressing scale disparities between different physical systems. In Chapter 3, it was shown that 

1) disparities in drainage area as a result of topographic processing and coarsening and 2) 

meteorological forcing that was bilinearly downscaled from atmospheric reanalysis products, 

were primary causes of bias in a continental-scale hydrologic model. Further, one of the greatest 

uncertainties in doing work detailed in Chapter 2 (coupled atmospheric and hydrologic 

modeling) is that a high-resolution grid cell in atmospheric modeling (e.g. 1-5 km) would be 

considered too coarse to capture many fine-scale hydrologic processes. Second, hydrology 

representation in land surface modeling can be an important consideration, both in modeling of 

local weather systems (Chapter 2), and when using synthetic modeling to explain or improve 

remote sensing estimates (Chapter 4 and Appendix A). In Chapter 4, it was shown that 

groundwater explains a considerable portion of variance in total storage anomaly timeseries, 

which calls to question the application of storage partitioning and attenuation correction 

methodologies that assume soil moisture explains the majority of seasonal signals. These studies 

implicate the use of coupled and integrated hydrologic models to solve problems relating to land 

surface modeling development; remote sensing explanation, improvement and assimilation; and 

soil moisture representation in meteorology. 
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APPENDIX A 

SUPPLEMENTAL INFORMATION TO CHAPTER 4: CALCULATION OF GRACE 

MASCON SCALING FACTORS WITH CONUSv1 

 

A.1 Background 

The low-pass filtering process designed to reduce noise in GRACE TWS solutions will 

inevitably result in some attenuation of the true signal. Methods for restoring signal loss most 

commonly include the scaling factor, additive or multiplicative type approaches, which to 

varying degrees apply the low-pass filtering process to land surface models (LSMs), global 

hydrologic models or other synthetic data to approximate signal attenuation (Long, 

Longuevergne, et al., 2015). By providing an intuitive gridded product that requires no additional 

processing by the user and no background in geodesy, the scaling factor method has been an 

extremely successful (popular) approach. Scaling (gain) factors represent the multiplicative 

scalar that minimizes the difference between filtered and unfiltered TWS anomalies simulated by 

the LSM in one location (Landerer & Swenson, 2012). Likely the most common scaling factor is 

the CLM4.0 solution available online by JPL GRACE Tellus (Landerer & Swenson, 2012; 

Swenson, 2012). 

Of course, signal reconstruction can vary by LSM, given the LSM physics or synthetic 

product of choice. Long et al. (2015) conducted an in depth comparison of gain factors from 

CLM4.0 and other LSMs, including CLM2.0, VIC, Mosaic, and Noah, as well as the WaterGAP 

Global Hydrologic Model (WGHM2.2); their results suggest that while nonarid basins typically 

share similar scaling factors between LSMs, arid and semi-arid locations, or those characterized 

by considerable irrigation exhibit significant differences in LSM-derived scaling factors. 

Notably, outputs from WGHM2.2 most closely agree with scaling factors derived from CLM4.0 

(compared with other LSMs), and temporal variability in scaling factors was found to be 

considerably high (Long et al., 2015). Although the geodesical and hydrologic communities have 

greatly improved GRACE solutions and noise reduction techniques in recent years, the results of 

Long et al. (2015) indicate an important shortcoming of the scaling factor technique for 

addressing signal attenuation: Misrepresentation of physical processes or anthropogenic 

abstractions (irrigation, groundwater withdrawals, and damming) in LSMs will yield inconsistent 

or unrealistic scaling factors. Physical processes that are traditionally simplified or missing from 
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LSMs include: shallow soil depth (typically 2-10 m) and lack of groundwater representation; 

moisture infiltration scheme choice (Braun & Schädler, 2005); a free-draining lower boundary 

condition (Yeh & Eltahir, 2005); and nonexistent or uncoupled lateral surface or subsurface 

flow. These assumptions have been shown to potentially bias the terrestrial water balance 

(Anyah et al., 2008; Gulden et al., 2007; Miguez-Macho et al., 2007). Scanlon et al. (2018) 

showed that land surface models (Noah3.3, MOSAIC, VIC, CLM4.0, CLSM-F2.5) and global 

hydrologic models (WGHM, PCR-GLOBWB) considerably underestimate TWS anomaly trends 

in basins experiencing the largest gain or loss of mass; and, Wang et al. (Wang et al., 2018) show 

that groundwater storage change (which, again, is frequently missing from LSMs) constitutes a 

significant portion (and often the majority) of TWS anomalies in global endorheic basins. Long 

et al. (2015) also note that basins exhibiting the largest disagreement between LSM-derived 

scaling factors, in addition to arid or semiarid regions, are those with intensive irrigation (the 

Upper Arkansas and the San Joaquin) not captured by LSMs. Incorporating abstractions (e.g. 

irrigation) into the Noah-MP LSM over the High Plains Aquifer has been found to result in LSM 

simulated TWS anomalies that more closely match GRACE (Nie et al., 2018). 

 

A.2 Derivation of scaling factors 

 Scaling factors for spherical harmonic solutions are derived with the steps outlined in 

Figure A.1: First, a land surface model (for JPL, this is CLM 4.0) is subjected to the same de-

striping, and filtering process in the spectral domain (truncated to the highest order of 60; 300-

km low-pass Gaussian filtering). After transferring the solution back to the spatial domain, the 

filtered CLM product is “corrected” back to its original unfiltered state through least squares fit; 

the multiplicative value that minimizes the objective function is considered the scaling factor for 

that location. 
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Figure A.1: Conceptual model of scaling factor derivation for spherical harmonic GRACE TWS 

solutions. Adapted from (Long, Yang, et al., 2015). 

 

 Although the mascon solutions are generally considered to require less post-processing 

and therefore should result in less signal attenuation (Wiese et al., 2016), the JPL mascon 

product is still provided at a native resolution of 3-degree, which subsequently must be gain-

corrected to 0.5-degree resolution with a scaling factor derived from CLM4.0.  

 

A.3 PFCLM-derived scaling factors for United States major basins 

  Scaling factors derived using the CONUSv1 continental-scale ParFlow-CLM hydrologic 

model were compared to CLM-derived mascon grace factors provided by JPL. We derived 

mascon scaling factors for the JPL mascon product RL05; this was done by first upscaling the 

CONUSv1 model at 1km resolution to ½ degree longitudinal grid cells. This aggregated product 

was considered the “true” land surface TWS timeseries, which was subsequently aggregated to 

the 3° spatial resolution that is representative of the GRACE JPL mascon product. The scaling 

factor for each ½° cell was simply the multiplicative value that minimized the difference 

between 3° and original ½° cells. Distributions of CONUSv1 and CLM4.0 scaling factors for 

major basins are shown in Figure A.2. Gain factors greater than 1 indicate signal dampening that 

resulted from the “filtering” to 3° resolution; conversely, values less than 1 indicate that the 

signal was artificially amplified. The similarity in scaling factors for the Colorado River basin is 

logical; both model have similar snow modules, and the seasonal and interannual signals in this 

basin are largely governed by snow; therefore, signal loss between the two models should be 



 138 

similar. In most basins, the scaling factors for both basins are within approximately 20%; 

however, CLM and ParFlow-CLM differ considerably in the Upper Mississippi river basin. 

 

 

Figure A.2: Comparison of scaling factors for major basins in the United States.  

 


