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ABSTRACT 

 

Groundwater is the largest source of accessible freshwater, accounts for over 30% of total 

water use worldwide, and is intrinsically connected to land-surface processes. Groundwater flow 

is largely influence by hydraulic gradients and the properties of the porous media, such as 

hydraulic conductivity. The methods by which hydraulic conductivity is measured vary greatly 

among local, regional, and global scale measurements. Local-scale measurements can be made 

through borehole tests, and large-scale conductivity values are regularly regarded as the 

geometric mean of local-scale measurements. Effective conductivity values vary greatly with 

scale, leading to uncertainty in aggregated representations. Borehole and survey data gaps exist 

spatially which further exacerbated observational data limitations for informing aggregated 

estimates. This creates a scale dependent challenge that relies upon a variety of data types, each 

with its own inherent limitations.  

The work presented here improves current regional permeability estimations by 

developing a new continental-scale hydraulic conductivity product. A previously published 

approach for estimating hydraulic conductivity from morphologic patterns was adapted and 

extended to the continental US. The geometric mean value from the new hydraulic conductivity 

product are comparable to existing continental-scale datasets. The density distribution of values 

from the new product shows less bimodality than other products, though exhibits an East-West 

trend. This indicates that the methodology captures more heterogeneity in conductivity values 

than other methods. The product developed here joins a growing number of products that 

improve our hydrologic understanding of North America. It will serve as a community resource 

for populating large scale models which will improve our understanding of how water flows 

through the Earth’s crust.  
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CHAPTER 1 

INTRODUCTION 

 

As the global population continues to increase, our fresh water resources face a growing 

demand and continue to decline (Konikow, 2015; Konikow & Kendy, 2005; Singh, 2014). 

Groundwater is the largest store of terrestrial freshwater, and accounts for 33% of water 

withdrawals globally (Famiglietti, 2014; Siebert et al., 2010). Representing terrestrial water 

fluxes at the continental and global scale has previously been highlighted by the hydrologic 

community as a pressing need (Alcamo et al., 2003; Wood et al., 2011). Because hydrologic 

responses to anthropogenic intervention surpass the catchment scale (Bierkens, 2015), it is 

imperative that we continue to improve continental and global scale hydrologic models and the 

data with which they are informed (Bierkens, 2015; Wada et al., 2014; Wada et al., 2010; Wood 

et al., 2011). If we are able to more accurately represent the behavior of water in the subsurface 

through large-scale integrated hydrologic models, then we will be able to better inform policy-

makers and stakeholders and understand climactic influences on groundwater resources. 

Additionally, groundwater has been shown to be increasingly important not only for 

anthropogenic purpose, but also for vegetation processes such as transpiration (Maxwell & 

Condon, 2016) and land energy fluxes (Kollet & Maxwell, 2008; Larsen et al., 2016). Being able 

to better estimate regional conductivity values will directly affect our ability to model regional 

hydrology, land energy fluxes, and groundwater reserves.  

This study estimates hydraulic conductivity over the Continental US (CONUS). I extend 

a method presented in Luo et al. (2012) to produce a new seamless conductivity map across the 

continental US at both subwatershed (HUC12) and subbasin (HUC8) resolution. I then compare 

this new conductivity products to other existing large-scale products. The mathematical model 
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used to estimate hydraulic conductivity (Luo & Pederson, 2012) will be tested for sensitivity to 

its parameters to lend a better understanding of its limitations.  Additionally, all continental-scale 

products used in the calculations are accessible freely online.  The resulting seamless product 

will then be compared to hydraulic conductivity values derived from USGS primary and 

secondary aquifer data and recent products from Gleeson et al. (2011, Huscroft et al., 2018) to 

understand the range of values that this method produces within current literature.  

This study will contribute to the current body of continental scale subsurface products 

and provide an additional product for continental scale hydrologic modelers. This method 

accounts for watershed geomorphologic variability with few parameters and expunges relics of 

state and political boundaries. The new product will be used to inform the subsurface for new 

runs of the ParFlow-CLM CONUS integrated hydrologic model, which is 6.2 million square-

kilometers and includes most major river basins in the US (Maxwell & Condon, 2016).  
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CHAPTER 2 

BACKGROUND 

   

This study estimates hydraulic conductivity across the continental US. Regional and 

global-scale products have previously been generated, though the body of existing of available 

products is limited. Below, prior studies on the regional and global influences of groundwater 

sustainability, subsurface characterization, and large-scale hydrologic models are discussed that 

highlight the need for continued improvement of continental-scale products.  

 

2.1  Groundwater Sustainability and Demand: Regional and Global Impacts 

Groundwater sustainability is a growing global issue in the face of an increasing 

population and freshwater demand (Scanlon et al., 2017). It has been suggested that global and 

regional models are insufficient in capturing total water storage anomalies because nearly all 

land surface models lack human intervention such as groundwater pumping and irrigation 

(Scanlon et al., 2018). However, the integration of groundwater into large-scale hydrologic 

models is already challenged by available permeability data (Gleeson et al., 2011). Irrigation 

accounts for 90% of global water consumption and 38% of irrigation areas are equipped with 

groundwater irrigation. Furthermore, the US is the third most irrigation intensive country in the 

world (Siebert et al., 2010). In 2012, Gleeson at al. show that we are facing widespread 

groundwater stress globally by comparing the groundwater footprint of principle aquifers to the 

current saturated area.  

Groundwater stress in the High Plains and Central Valley are two examples of regional 

groundwater stress in the face of global pressure on our groundwater resources (Gleeson et al., 

2012). The High Plains aquifer provides irrigation for approximately 20% of grain and cattle 
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production in the US (McGuire, 2014), and is ranked first among aquifers in the US for total 

groundwater extraction (Scanlon et al., 2012). The United States Geological Survey began 

monitoring water level depth from observational wells throughout the High Plains Aquifer 

(Ogallala) through a directive from Congress to report on changes in water level in the High 

Plains region (Water Resources Development Act of 1986). Historic and current water level data 

have thus been compiled from a pre-development baseline (1950-prior) to the present (McGuire, 

2017). The High Plains aquifer has faced an area weighted decline of 15.8 feet since “pre-

development” 1950 (USGS NE WSC, 2015). The High Plains (HP) has a consistent geographic 

trend in depletion rates, in that the Southern HP experiences larger depletion than the Northern 

HP due to its geology and storage capacity (Scanlon et al., 2012). The heterogeneous subsurface 

geology and spatially variable groundwater decline across the High Plains highlights the growing 

demand for groundwater resources in the face of a growing global population with stressed 

resources, and the need for more regional-scale conductivity estimates. The High Plains Aquifer, 

the Mississippi Embayment, and the Central Valley aquifer system account for nearly two-thirds 

of groundwater depletion in the US (Konikow, 2015). The Central Valley experiences a similar 

north-south trend in depletion as the High Plains, with the greatest water level changes in the 

Tulare Basin in the southern CV where precipitation is lowest and surface water deliveries are 

limited (Scanlon et al., 2012). 

Hydraulic conductivity is often a controlling parameter for groundwater baseflow to 

streams, and groundwater may act as a buffer for stressed surface water flows (Hale et al., 2016). 

This is of particular importance in regions that face intensive water-management in which the 

groundwater extraction may result in decreased streamflow. One example of this is the 3,625 

square-kilometer Rattlesnake Creek basin in southern Kansas. Though modelling efforts are 
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important to management issues, the region has limited hydraulic conductivity estimates, and 

existing values vary greatly among boreholes. Sophocleous et al. (1999) indicate that this is an 

extreme limitation for regional modeling of the basin. Additionally, groundwater depletion and 

loss of streamflow has also been linked to fragmenting of regional fish assemblages in regions of 

Colorado and Kansas, highlighting an important ecological application of regional groundwater-

surface water models (Perkins et al., 2017).  

While groundwater flow is a primary focus of hydrologic modeling, contaminant 

modeling is also of global importance to human and environmental health (Loague & Corwin, 

1996). In 2010, the USGS developed both a steady-state and transient model of the 1,940 square-

mile Eastern Snake River Plain Aquifer in order to evaluate the movement of waste-disposal 

contamination (Ackerman et al., 2010). A particle-tracking simulation revealed that the average 

linear velocities of contaminant dispersions predicted in the model are largely influenced by 

hydraulic conductivity. Hydraulic conductivity estimates from borehole measurements are noted 

as a hindrance in the model, citing that local scale conductivity measurements were limiting to 

inform a large-scale model (Ackerman et al., 2010). 

2.2  Subsurface Characterization 

Studying hydrology in most capacities requires knowing the hydraulic conductivity of the 

domain (Butler, 2005) and how spatial heterogeneity in the porous media will influence 

groundwater flow (Zheng & Gorelick, 2003). Permeability and hydraulic conductivity are 

fundamental components for analyzing groundwater fluxes (Fetter, 2001); however, the methods 

by which permeability and hydraulic conductivity are measured vary greatly among local, 

regional, and global scale measurements. Local scale measurements can be taken using slug and 

pump tests at individual boreholes. This will provide a value for the given point, but yield limited 
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information about variations in conductivity for the surrounding aquifer (Butler, 2005). The 

large-scale (greater than five kilometer) conductivity or permeability estimates are frequently 

regarded as the geometric mean of local measurements which are assumed to capture the 

effective conductivity of a site (Renard & de Marsily, 1997; Zinn & Harvey, 2003); however, 

effective conductivity values vary with scale and introduce uncertainty into aggregated 

representations (Dewandel et al., 2011; Gelhar et al., 1992). Though permeability and 

conductivity of various lithologies can be directly tested in a controlled laboratory (Cherry et al., 

1975), generating large-scale estimates requires accumulating and averaging existing lithologic 

and hydrologic data.  

Illman (2006) analyzes the spatial dependency of permeability values in an unsaturated 

tuff in central Arizona. They suggest that the permeability scale effect is controlled by fluid 

conducting fracture connections which are also dependent upon scale (Illman, 2006). Neuman 

(1990) present a fractal model for log-scale conductivity consistent with scale effects shown in 

field and lab experiments. Their study results in a scaling rule for conductivities that could be 

applied over a broad range of geologic mediums and scales (Neuman, 1990). The results of such 

studies indicated the need for conductivity and permeability estimates that correspond to the 

study scale, such that local measurements will not be appropriate for global studies and vice 

versa.  

The results of Gleeson et al. (2011) provide the first look at global near-surface 

permeability for saturated terrestrial lithologies, stated to be appropriate for depths of 100 

meters, in the Global Hydrogeology Maps (GLHYMPS). Two hundred and thirty hydrogeologic 

regions were derived from calibrated models and grouped into seven hydrolithologic categories 

(Gleeson et al., 2011). The permeability values were derived by assigning terrestrial 
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hydrolithologies with a geometric mean permeability for each lithology from local-scale (less 

than one kilometer) and regional-scale (greater than five kilometer) values previously compiled 

in literature. This product includes residual state boundaries, and emphasizes the lack of 

hydrogeological data over large scales (Maxwell & Condon, 2016).  

The GLHYMPS product has been implemented into several global and regional-scale 

hydrologic models and land surface models, such as the Continental US configuration of the 

integrated hydrologic model ParFlow coupled to the land surface model CLM, CONUS 1.0 

(Maxwell & Condon, 2016), and the coupled global model of the land surface model PCR-

GLOWB and MODFLOW (de Graaf et al., 2014). An updated product, GLHYMPS 2.0, was 

published in 2018 and presents a global two-layer permeability map (Huscroft et al., 2018). This 

product built upon the existing GLHYMPS product by providing an improved representation of 

unconsolidated material at shallower and deeper depths based on recent advances in global 

mapping of unconsolidated material (GUM) (Börker et al., 2018) and global depth to bedrock 

(SoilGrids) (Shangguan et al., 2016). The results of this study provide additional permeability 

data at the global scale and further highlight the lack of abundant data products across scales in 

the hydrologic community. The GLHYMPS 2.0 product contains similar residual boundaries as 

GLHYMPS, and the authors further suggest a global effort to consistently re-map geologic units 

at higher resolution (Huscroft et al., 2018). 

The GLHYMPS 2.0 dataset represents a two-layer global compilation of unconsolidated 

sediments and geology (Huscroft et al., 2018). This builds upon the first iteration of the global 

dataset (GLHYMPS) which lacked data for unconsolidated regions. The new iteration addresses 

this gap by the addition of the GUM (Börker et al., 2018) to the original compilation which 

global paired permeability data with the Global Lithological Map (GLiM) (Hartmann & 
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Moosdorf, 2012; Huscroft et al., 2018). The new map shows some resolution to the residual 

survey artifacts in the initial map, however still highlights the deficiency of consistent and 

abundant global geologic and hydrologic data. 

Wei Luo and his colleagues present a method for estimating hydraulic conductivity in 

steady-state systems using surface drainage patters (Luo et al., 2010). This method is intrinsically 

tied to the Dupiut-Forcheimer assumptions for steady state groundwater flow, which state that 

groundwater flow is horizontal in an unconfined aquifer, and that the groundwater discharge is 

proportional to the aquifer’s saturated thickness (Hantush, 1962). Their method is based on these 

assumptions and relates incised valley depth, saturated thickness, groundwater recharge rate, and 

drainage density to hydraulic conductivity. This method has been tested over the Cascades of 

Oregon, the Mare Tyrrhenum Quadrangle, and the High Plains with good agreement to existing 

borehole data (Luo et al., 2010; Luo et al., 2011; Luo & Pederson, 2012). This method is only 

applicable for steady state representations, without any anthropogenic intervention to surface and 

subsurface flows (Luo et al., 2010).  

2.3  Global and Continental Hydrologic Models 

Global and continental scale hydrologic models rely on input data from observation, 

however existing hydrogeologic data is limited (de Graaf et al., 2014; Maxwell & Condon 2016). 

Continental-scale models have been called an integral resource for climate forecasting and water 

resource planning since decades passed (Wood et al., 1997), however the uncertainties within the 

models would be reduced by better data availability (Abbaspour et al., 2015). Uncertainty and 

limitation in available hydraulic conductivity data has been noted as a limitation in regional 

(Ackerman et al., 2010; Sophocleous, 1999), continental (Maxwell et al., 2015), and global 

hydrologic models (de Graaf et al., 2014). A continental model and global model are described 
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below, both of which have used existing continental and global products and indicated that the 

development of additional large-scale products would improve these models.  

ParFlow-CLM is a fully integrated hydrologic model that solves the 3-dimentional 

Richards equation for variably saturated subsurface flow, and the diffusive or kinematic wave 

equation for surface flow. It is fully coupled to the Common Land Model (CLM) to account for 

land surface processes and solves a full energy balance (Maxwell & Miller, 2005). The model 

has been configured and run over a domain that captures 6.3 million square-kilometers of the 

Continental US, including eight major river basins, and represents all principal components of 

the water energy budget at one square-kilometer lateral resolution (Maxwell & Condon, 2016). 

The model has been used to study many different hydrologic problems, including groundwater-

surface water interactions and groundwater depletion scenarios (Condon & Maxwell, 2014; 

Condon & Maxwell, 2014; Gilbert et al., 2017; Maxwell & Condon, 2016). The subsurface of 

the ParFlow-CLM CONUS model is divided into five vertical layers of 0.1, 0.3, 0.6, 1.0 and 100 

meter thicknesses, respectively. The top two meters of the CONUS domains are defined by the 

soil survey geographic database (SSURGO), and the lower 100 meters of the model are defined 

by global permeability values derived from regional hydrolithologies compiled globally (Gleeson 

et al., 2011). Gleeson’s study focuses on quantifying regional permeability for saturated 

terrestrial lithologies, and defines the scale for the permeability based on the scale of data 

collection. This work specifically focuses on large-scale (greater than five kilometer) 

permeability, in order to negate any small-scale effects on permeability, such as fractures 

(Gleeson et al., 2011). The permeability values are modified for input to the CONUS model by 

changing the mean and variance (Maxwell & Condon, 2016). After the model was initialized, a 

one-year simulation ran using hourly NLDAS-2 historical meteorology data from water year 
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1985 (WY1985), which represents an average water year, to define a “pre-development” 

scenario (Maxwell & Condon, 2016). The model has also run with groundwater extraction, 

resulting in a “post-development” scenario using meteorology data from WY1985. 

A 2014 study by de Graaf et al. developed a steady state ground water model and land 

surface model of the terrestrial world excluding Greenland and Antarctica. This study provides a 

look at global groundwater depths at high grid resolution (11-kilometer at the equator). The 

groundwater model MODFLOW was used to constrain water table depths assuming a steady-

state system across the globe, and was coupled to the land surface model PCR-GLOBWB (van 

Beek & Bierkens, 2009). The original groundwater component in PCR-GLOBWB was replaced 

by a MODFLOW groundwater layer to simulate lateral groundwater flow for a single layer 

unconfined aquifer. Lithologic properties for the global layer were derived from the global 

lithologic map (GLiM) which describes 16 global lithologic classes and 26 subclasses (Hartmann 

& Moosdorf, 2012). Saturated permeability values were derived from GLHYMPS, previously 

described above (Gleeson et al., 2011). The MODFLOW groundwater layer and PCR-GLOBWB 

land surface layers were developed at six-degree grid resolution and coupled offline to run for a 

50-year simulation period from 1960 to 2010 (de Graaf et al., 2014).  
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Table 2.1: Parameters, symbols, and units. 

Parameter Symbol Units 

Hydraulic Conductivity K L/T 

Permeability k L2 

Recharge R L/T 

Precipitation P L 

Infiltration percentage i - 

Evapotranspiration ET L/T 

Aquifer thickness H L 

Drainage density D 1/L 

Valley depth d L 

Viscosity µ M/LT 

Density ρ M/L3 

Gravity g L/T2 
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CHAPTER 3 

 

METHODS 

 

The methods used to estimate hydraulic conductivity across the continental US using 

watershed geomorphology are outlined below in section 3.1. Hydraulic conductivity values were 

also assigned to the USGS Principle and Secondary aquifer maps, and the methods used for that 

evaluation are outlined in section 3.2. This method carries the Dupit-Forchheimer assumptions 

and Darcy assumptions for steady state, unconfined groundwater flow. Each product that was 

acquired for this study from other sources carries its own uncertainly which is acknowledged.  

 

3.1  Estimating hydraulic conductivity using watershed geomorphology 

 

This method based upon Luo et al. (2012) is used to generate a hydraulic conductivity 

product across the continental US. This requires the generation of four continental scale 

products: valley depth (d), drainage density (D), potential aquifer thickness (H), and recharge 

(R). Figure 3.1 presents a conceptual model of this method. 

d

D

R

H

Figure 3.1: Conceptual model showing geomorphology parameters: drainage density of the 

watershed (D), valley depth (d), recharge (R), and aquifer thickness (H). 
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Each product is generated using freely available data, R, and QGIS; all parameters are 

estimated at both subwatershed (HUC12) and subbasin (HUC8) resolution to understand the 

sensitivity of the results to scale. We chose to average each parameter by subwatershed (HUC12) 

instead of using a local search annulus. Averaging by subwatershed (mean polygon area of 104 

km2 (Natural Resource Conservation Service, 2018)) will provide comparable resolution to the 

mean polygon area of North America product from Gleeson et al. (2011) (75 km2 mean polygon 

area in North America) and Huscroft et al. (2018) (91.2 km2 average polygon area for GUM 

units and 123 km2 average polygon area for GLiM units), and finer resolution than the USGS 

Aquifer Maps (1,536 km2 mean polygon area; United States Geological Survey, 2018d). The 

methods used to generate each input parameter product and to calculate hydraulic conductivity at 

subwatershed resolution are outlined below. A total of four hydraulic conductivity products were 

generated using the following methods.   

 

3.1.1 Valley depth (d) 

 

Valley depth (d), is estimated using the NASA Shuttle Radar Topographic Mission 

(SRTM) 90-meter resolution digital elevation model (DEM) from CGIAR Consortium for 

Spatial Information. In order to derive valley depth (d) from the DEM raster product, the product 

was first clipped to the extent of the continental US, and overlain with a subwatershed shapefile 

with the USGS Watershed Boundary Dataset (WBD; Natural Resource Conservation Service, 

2018). The zonal statistics tool in QGIS is then used to find the maximum and minimum 

elevation within each subwatershed polygon. The results from zonal statistics are automatically 

joined to the subwatershed shapefile. The valley depth for each subwatershed is found by 

subtracting the minimum elevation from the maximum elevation, therefore producing a 

maximum depth of incision in each subwatershed.  
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3.1.2 Drainage density (D) 

 

Drainage density (D) is generated using the USGS National Hydrography Dataset (NHD) 

which contains delineated streams across the entire continental US (United States Geological 

Survey, 2018a). This product contains other water features including culverts, drainage pipes, 

and lakes; however, only the streams were used since the other hydraulic structures are not 

present in the CONUS model and would result in a disingenuous representation of drainage 

features. Due to the size of the USGS NHD delineated stream file, R and QGIS were unable to 

store the complete continental dataset. Because of this limitation, the streams were clipped by 

HUC2 regions to generate 18 smaller stream files, and the HUC12 WBD was also clipped by 

HUC2. The stream lengths were summed by subwatershed per HUC 2 region, generating 18 

separate stream density files. This was done using the “Sum line lengths” vector analysis tool in 

QGIS. The stream length polyline layer is used as the “Lines” input, and the watershed polygon 

layer as the “Polygon” input. Next, the drainage density is calculated by dividing the sum of 

stream lengths in each watershed by the area of the subwatershed, both in meters. The stream 

density was found for each subwatershed in each HUC2 region, and then all 18 regions were 

merged back together into one continuous product at subwatershed resolution.   

3.1.3 Aquifer thickness (H) 

Aquifer thickness (H) for each subwatershed was estimated using a 250-meter resolution 

global depth to bedrock product (Shangguan et al., 2016) which represents modeled depth of 

soils and regolith. Their model used 661,441 borehole observations, DEM-based hydrologic and 

morphologic parameters, MODIS surface and vegetation products, and lithologic units to 

estimate depth to bedrock. Their final product contains estimations at 250-meter resolution, and 

was checked against 661,441 borehole logs in the United States. This product is freely available 
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as a raster layer through SoilGrids (Hengl et al., 2017). To generate mean aquifer thickness, the 

raster was downloaded and overlain with the subwatershed shapefile, and the zonal statistics tool 

is used to calculate the mean depth to bedrock in each subwatershed polygon. The mean depth to 

bedrock was assumed to represent the maximum potential thickness where unconfined aquifers 

remain saturated.  

3.1.4 Recharge (R) 

 

Recharge (R) is estimated using two different methods to better understand the sensitivity 

of the Equation 3.1 to the recharge parameter. The first method follows the conceptual model 

explained in Luo et al., 2012 which states that recharge in an unconfined aquifer is equal to the 

precipitation rate times the soil infiltration percentage: 

 � = � � �                                                                    �3.1�  
 

The soil infiltration percentage product (i) was developed using soil hydrologic spatial 

products from the Natural Resources Conservation Service STATSGO data base (Schwarz & 

Alexander, 1995). The soil products include hydrologic group information of each soil type, 

defined by a decimal value from 0.0 to 4.0. Values closer to zero indicate a sandier soil, and 

values closer to four indicate soils with a higher abundance of clay-rich minerals. These products 

are available for download from the Web Soil Survey in shapefile format for each HUC2 region. 

All 18 HUC2 polygons were downloaded and merged to generate a continuous product. The 

mean hydrologic type within each subwatershed is found by using the spatial query tool in QGIS. 

The mean hydrologic type is then matched with an infiltration percentage defined in a prior 

USGS geohydrology publication (Gutentag et al., 1984) by exporting the data in R and using a 

for-loop to assign the appropriate percentage to each subwatershed. This results in a shapefile 

that has the mean infiltration percentage, i, for each subwatershed. The precipitation rate for each 
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subwatershed is derived from the PRISM 30-year annual average product available for download 

from the Oregon State Climate Group (PRISM Climate Group, 2018). The 30-Year Normal 

raster was overlain with the subwatershed shapefile. Zonal statistics were run to find the mean 

precipitation for each watershed. The final recharge product was made by joining the 

subwatershed mean precipitation shapefile to the watershed mean infiltration, then multiplying 

the mean precipitation for each watershed by the corresponding infiltration percentage for that 

watershed. This yields a value that represents the total recharge.  

The second way that Recharge (R) is estimated is by using a conceptual model that states 

that recharge to a steady-state unconfined aquifer is equal to precipitation minus 

evapotranspiration: 

  � = � − �                                                                    �3.2� 
 

A continental scale evapotranspiration product from the USGS is used (Sanford & 

Selnick, 2013). This product was generated by the USGS using observed ET values from 838 

real-time gaged watersheds across the US with complete flow records from 1971 to 2000. The 

product’s evapotranspiration rates represent empirical estimates derived from a regression 

equation and are constrained by water balance data from the gage stations. The ET rates are 

representative of an average rate from 2000 to 2013. Zonal statistics were used to estimate the 

mean ET rate in each subwatershed. In subwatersheds where the ET rate is zero or negative, such 

as in the southwestern desert, a minimum rate of 10-3 meters per year is applied to prevent large 

areas of the western US of zeros or negative conductivity values. The 30-year average 

precipitation product from the PRISM climate group is used as the precipitation product. Next, 

the subwatershed average evapotranspiration shapefile was joined to the precipitation shapefile, 
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and the ET rate was subtracted from the precipitation rate using the field calculator to find the 

average recharge rate of each subwatershed. 

3.1.5 Hydraulic Conductivity (K) 

 

The watershed averaged parameters were used to solve for hydraulic conductivity (K), in 

units of m/s, using the equation presented by Luo et al. (2012): 

� = �
��[�� − �� − ���]                                                         �3.3�  

 

This relationship is based upon Darcy’s law, which states that groundwater flow is proportional 

to hydraulic conductivity, cross-sectional area, and head gradient: 

 

� = −�� �ℎ
��                                                                     �3.4� 

 

Equation 3.1 is also based upon the Dupuit equation, developed in 1863, for steady flow in an 

unconfined aquifer (Fetter, 2001). This equation states that the flow per unit width is related to 

the hydraulic gradient and the hydraulic conductivity of the aquifer. 

 

�� = 1
2 � �ℎ�� − ℎ�� !                                                            �3.5�  

 

Hydraulic conductivity (K) is the coefficient of permeability (k), and the relationship between 

the two is represented in Equation 3.4. All products in this paper will be presented in terms of 

hydraulic conductivity. 

# = � $ %
&'(                                                                    �3.6� 

 

The final product using this method carries the assumptions that the aquifer is 

unconfined, saturated, and effectively drained. We evaluated Equation 3.3 to understand the 
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relationship between hydraulic conductivity and each of its parameters by varying one parameter 

at a time while holding the others constant at an average value. The sensitivity of this equation is 

discussed in Luo et al. 2010; however, we wanted to test all parameters in this equation at once. 

Perturbing the parameters one at a time shows that recharge (R) and hydraulic conductivity (K) 

have a positive linear relationship, so as recharge increases by 1 [L/T], K will increase by 1.6E-4 

[L/T] if all other values are held at their average. As R changes by one order of magnitude, K 

will also change by one order of magnitude. This indicates that variations in the recharge 

parameter have a linear impact on K and thus K is sensitive to any variation in R. K and drainage 

density (D) have a negative exponential relationship when D is below 0.1, and there is no change 

in K when D is above 0.1. This relationship means that in areas with low topography, K will 

have a high sensitivity to stream features. We can also see that aquifer thickness (H) and valley 

depth (d) both have a root-power relationship to K. This means that when H is half of d, K goes 

to infinity, and when H is less than one half of d, K is negative. These relationships are in 

agreement with those discussed in (Luo et al., 2010). The inverse of this relationship exists when 

examining the relationship between K and d. When d is more than twice H, K is negative, and 

when d is twice H, K goes to infinity. The relationships seen in this analysis are mathematically 

intuitive, given the range of values for each parameter, whether or not they are in the 

denominator or numerator of the equation. Figure 3.2 may serve as a guideline for input 

parameter constraints.   
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3.2 USGS Primary Aquifers and Secondary Hydrogeologic Regions 

 

The USGS has compiled lithologic data for 62 principle aquifers in the US. This data is 

available in several spatial formats via the USGS groundwater information website (United 

States Geological Survey, 2018c). The regions outside of the principle aquifers were left as 

“other rock,” and account for about 40% of the continental US. Recently, these “other rock” 

regions were evaluated for geological similarities among the regions and defined as 69 secondary 

hydrogeologic regions (SHRs) (Belitz et al., 2018). The principal aquifers (PAs) and secondary 

hydrogeologic regions (SHRs) polygons were downloaded and spatially joined to generate 

complete coverage of the continental US. Each dataset contains geologic information for the 

Figure 3.2: The relationship between K and each of its parameters using Equation 3.3. 
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principle or secondary hydrologic regions. The geologic information in the joined PA-SHR 

shapefile evaluated and nine unique geologic types were identified: unconsolidated sand and 

gravel, semi-consolidated sand, sedimentary, sandstone, carbonate, crystalline, volcanic, igneous 

and metamorphic, and mixed. This information was used to match each geologic type with a 

corresponding hydraulic conductivity value taken from Heath, 1983. The geologic data was 

exported to R and a for-loop was used to assign a K value to each hydrogeologic type. Once each 

hydrogeologic type is assigned a value, the mean hydraulic conductivity for each subwatershed is 

found by performing a spatial query in QGIS. This generates a hydraulic conductivity product 

with values representative of principle and secondary aquifer geology at subwatershed 

resolution.  
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CHAPTER 4 

 

RESULTS 

 

 The results of the adapted morphology method are described below in section 4.1. Four 

iterations were run across the continental US to understand the influence of recharge and scale 

on this method. The results of the USGS PA-SHR analysis and a comparison of the morphology 

results to other continental-scale products, including the PA-SHR product, are in section 4.2.  

 

4.1 Morphology Method Results 

 

 The adapted morphology method was first tested across the High Plains Aquifer to assess 

its reproducibility in comparison to Luo et al. (2012). The results of the test across the High 

Plains show good agreement with those presented in Luo et al. (2012). Methods and results for 

this test can be found in Appendix B. Next the methodology was used to evaluate all four 

variables (R, d, D, and H) across the continental US using R and QGIS. The kernel density 

estimates for each parameter used to calculate K across the continental US is shown in Figure 

4.1. The spatial distribution of each parameter can be seen in Appendix C.  

Recharge exhibits bimodality at both subwatershed (HUC12) and subbasin (HUC8) 

resolution. The PME estimates show a broader range of values than the PI estimates at both 

resolutions. Drainage density shows bimodality at subwatershed resolution, and upscaling to 

subbasin appears to smooth out this behavior. Aquifer thickness appears to have no sensitivity to 

resolution. Valley depth shows a broader range of estimates at subbasin resolution.  

In instances when the rate of evapotranspiration exceeded the rate of precipitation, a 

minimum recharge value was assigned to avoid a negative or zero recharge. This is because 

Equation 3.3 disallows negative or zero recharge. The mean recharge value derived by Equation 

3.1 (precipitation times infiltration percent) was 7.4 cm/yr. This is within the same order of 
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magnitude as the mean recharge value from Luo et al., 2012, which was 3.6 cm/yr derived using 

a similar method; however, their mean recharge value only reflects the High Plains aquifer. The 

mean recharge calculated in the first test across the High Plains was 5.5 cm/yr. Both of the mean 

values from the method used in this study are within the same order of magnitude, but higher on 

average.  

Next, Equation 3.3 was used to generate four hydraulic conductivity products across the 

continental US: K estimated at HUC12 resolution with recharge modeled as precipitation times 

infiltration percentage (HUC12 PI); K estimated at HUC12 resolution with recharge modeled as 

precipitation minus evapotranspiration (HUC12 PME); K estimated at HUC8 resolution with  

Figure 4.1: Density distribution of all variables used to calculate hydraulic conductivity. 
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(a) 

(b) 

Figure 4.2: Hydraulic conductivity (K) values [m/s] estimated using the adapted morphology 

method (Equation 3.1), at subwatershed (HUC12) resolution; (a) K estimated using precipitation 

times infiltration percent as recharge (R); (b) K estimated using precipitation minus 

evapotranspiration as recharge (R). 
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recharge modeled as precipitation times infiltration percentage (HUC8 PI); and K estimated at 

HUC8 resolution with recharge modeled as precipitation minus evapotranspiration (HUC8 

PME). The resulting products from the HUC12 analyses can been seen in Figure 4.2. The 

hydraulic conductivity estimates in each of the four products are within a similar range, from 100 

to 10-10 m/s. The products estimated using precipitation minus evapotranspiration as the recharge 

parameter show higher values by about one order of magnitude (Figure 4.3, Table 5.1). All 

products exhibit bimodal behavior, as seen in Figure 4.3. 

 

 

Equation 3.3 was unable to predict values for 6.4% of the total 83,228 HUC12s in the 

continental US due to mathematical constraints in the equation. A nearest neighbor interpolation 

Figure 4.3: Results of the four different K estimates using the adapted morphology method. 
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was used to assign values to the subwatersheds that have parameters incompatible with the 

morphology equation (Equation 3.3).  The parameter values for each HUC8 subbasin were 

within the bounds of the mathematical constraints and a conductivity value was able to be 

calculated for subbasin.   

 

4.2 Comparison of Datasets 

 

The product generated from the USGS Primary and Secondary hydrogeology regions 

(hereafter referred to as USGS PA-SHR) and from the morphology method both exhibit bimodal 

behavior in conductivity values (Figure 4.4, 4.5). This is representative of the hydraulic 

properties of the nine geologies assigned to the primary and secondary aquifer regions.  

Hydraulic conductivity values were based upon literature values for each lithology (Heath, 1983) 

and range from 10-2 to 10-9 m/s. The boundaries in the product represent principle aquifers and 

secondary hydrogeologic regions.  

 The HUC12 PI product was compared to the GLHYMPS 2.0 map, CONUS 1.0 

subsurface, and the USGS PA-SHR hydraulic conductivity map that was also generated in the 

study (Figure 4.4, 4.5). To facilitate model comparison, the GLHYMPS 2.0 map, the USGS PA-

SHR map, and the HUC12 PI map were clipped to the extent of the 6.2 million km2 CONUS 

domain and scaled to subwatershed resolution. The range of values produced from the 

morphology method is consistent with the GLHYMPS 2.0, CONUS, and USGS PA-SHR 

products across the extent of the CONUS domain, but the range of values form the CONUS 

subsurface parameter set has a considerably smaller range (Figure 5). Though the distribution of 

values is comparable (Figure 4.5), the spatial distribution of values varies among the four 

methods (Figure 4.4).  



 26

 

 

 

 

 

(a) (b) 

(c) (d) 

Figure 4.4: Comparison of the (a) HUC12 PI product to (b) the CONUS 1.0 subsurface, (c) USGS 

PA-SHR aquifer map, and (d) GLHYMPS 2.0 map, all subset over the CONUS 1.0 domain. 
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Figure 4.5: Comparison of our K product (HUC12 PI) to other continental-scale products: 

USGS PA-SHR, GLHYMPS 2.0, and the CONUS 1.0 subsurface. 
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CHAPTER 5 

 

DISCUSSION 

 

A novel technique is presented for generating a continental scale hydraulic conductivity 

product based on subbasin or subwatershed morphology. This method is based upon a method 

previous derived and tested in the Oregon Cascades, High Plains, and Mars by Luo et al. (2010, 

2011; Luo & Pederson, 2012). In Figure 5, the HUC12 PI product is compared to the three other 

continental scale products. The values generated by the morphology method (Figure 5) vary 

across ten orders of magnitude and are within a similar distribution to the GLHYMPS 2.0, 

CONUS 1.0 subsurface, and USGS PA-SHR maps (Figure 5, Figure 6).  Additionally, the 

distribution of values estimated from the morphology method are in agreement with the range of 

values from prior studies that used morphology to derive K (Luo et al., 2010, 2011; Luo & 

Pederson, 2012) as can been seen in Appendix B. The morphology product (HUC12 PI) shows 

lower bimodal peaks than the USGS PA-SHR map and a lower peak than either GLHYMPS 

2018 or CONUS 1.0 subsurface (Figure 4.5). This suggests that this technique captures a higher 

degree of spatial heterogeneity and that it is able to estimate more heterogeneous conductivity 

values than the methods used to generate the other continental-scale products.  

Though the density distribution of hydraulic conductivity values shows agreement among 

the four continental-scale products (Figure 4.4), the spatial distribution of hydraulic conductivity 

values varies (Figure 4.5). This is representative of the methodology used the derive each 

product, and suggests inconsistencies among methods used to collect regional data and generate 

large-scale products. This highlights the importance of continuing to improve regional, 

continental, and global scale hydrologic methods. The morphology product (Figure 4.2, Figure 

4.4a) shows bimodal behavior, and a trend is apparent from East to West. Both the density and 
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spatial distribution of values is representative of the recharge parameter. The USGS PA-SHR 

maps shows a bimodal distribution (Figure 4.5), and spatial distribution of values based upon 

principal aquifer and secondary hydrogeologic region lithologies (Figure 4.4).  

The variation in recharge values derived in this study shows the sensitivity of hydraulic 

conductivity to recharge using the morphology method. The values increased on average by 

nearly half an order of magnitude by using the “PME” recharge layer instead of the “PI” layer. 

This pattern was seen in all four K products that were generated in this study (Table 5.1). This is 

likely because recharge is the only parameter in the numerator of the hydraulic conductivity 

equation (Equation 3.3). As seen in Figure 3.1, hydraulic conductivity and recharge have a 

positive linear relationship, and as recharge increases by 1 [L/T], hydraulic conductivity will 

increase by 1.6E-4 [L/T].  

 

Table 5.1: Hydraulic conductivity (K) values, in units of m/s, at first and second peaks in density 

distributions for each of the four hydraulic conductivity products generated and the products 

used for comparison. The geometric mean K values for each product are also presented. 

Morphology products were named according to their resolution (“HUC12” or “HUC8), methods 

used to estimate recharge for each (precipitation minus evapotranspiration “PME”, or 

precipitation times infiltration percentage “PI”). 

Product K Value at First Peak K Value at Second Peak Geometric Mean K 

HUC12 PI 10-4.83 10-7.79 10-5.76 

HUC12 PME 10-4.56 10-7.12 10-5.41 

HUC8 PI 10-6.13 10-9.34 10-6.84 

HUC8 PME 10-5.67 10-8.00 10-6.29 

USGS PA-SHR 10-4.00 10-6.00 10-4.98 

CONUS 1.0 10-4.97 - 10-5.14 

GLHYMPS 2.0 10-3.76 10-7.10 10-6.07 

  

 

The geometric mean conductivity values of each product are shown in Table 5.1. The 

values vary across two orders of magnitude, however there is agreement among products. 

However, the spatial dissimilarity among conductivity products highlights the variation in 
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methodology and datasets used to generate each product (Figure 4.4).  The HUC8 PI product has 

the lowest geometric mean value. This demonstrates the effect of the recharge parameter on the 

methodology, and lose of heterogeneity due to downscaling from HUC12 to HUC8. The 

conductivity values for the first and second peak densities for each of the products are also 

included in Table 5.1. The location of density peaks demonstrates how upscaling the parameters 

in the morphology method influenced the range of values (Figure 4.3, Table 5.1). Averaging the 

recharge (R), aquifer thickness (H), valley depth (d), and stream density (D) subbasin (HUC8) 

lowers the K values compared to the subwatershed (HUC12) K values. Downscaling from 

HUC12 to HUC8 loses some spatial heterogeneity in all input parameters. Additionally, 

downscaling the soil infiltration percentage and PME influences the hydraulic conductivity, with 

recharge as an individual factor. Changing the recharge product from PI to PME influence the 

first and second density peak by nearly two orders of magnitude (Table 5.1). The combined 

effect of changing the recharge parameter and downscaling has the most pronounced influence 

on the density distribution among the four scenarios tested, as seen in Table 5.1 and Figure 4.3.  

The HUC12 PI product values are of a similar range compared to the other three 

morphology products (Figure 4.5, Table 5.1), and compares well to the distribution of values 

from the other continental-scale products. Additionally, the geometric mean conductivity values 

agree among products. However, the spatial distribution among the products varies (Figure 4.4). 

This suggests continued improvement to methodology for collecting conductivity data at local 

scales and for making regional scale conductivity estimates. The mean polygon area of each 

subwatershed is comparable to the mean polygon area of the GLHYMPS and GLHYMPS 2.0 

maps. Additionally, Luo et al. (2012) generate recharge using infiltration percentage times 

precipitation rate, which is how recharge was modeled for the HUC12 PI product. Therefore, the 
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HUC12 PI product is the most comparable to the original method (Luo et al., 2012) and is 

comparable to the distribution of values in other continental scale products.  

Using a nearest neighbor interpolation to resolve discontinuous areas introduces some 

additional uncertainty into the final product, though it does provide an estimate for those 

watersheds based upon the method used here. Uncertainty is also present from the products that 

were used here to generate each parameter. Equation 3.3 was able to calculate a value for all 

HUC8 watersheds. This is likely due to smoothing of subwatershed heterogeneities which may 

reduce the chance that a combination values will align with a mathematical constraint.  
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CHAPTER 6 

 

CONCLUSIONS 

 

Using freely available inputs, a novel method was used to estimate hydraulic conductivity 

across the continental US. Hydraulic conductivity products were generated at subwatershed and 

subbasin resolution, and with two different recharge products. Results of the study demonstrated 

the sensitivity of the model to the recharge parameter, and how downscaling all parameters 

lowers the average values within the product by diminishing the spatial heterogeneity. The 

boundaries shown in the new product are indicative of subwatersheds, instead of arbitrary state 

or federal survey boundaries such as in the GLHYMPS and GLHYMPS 2.0 maps.  

The hydraulic conductivity values in the morphology products fall within the average 

range of values in GLHYMPS 2.0, CONUS 1.0 subsurface, and the USGS PA-SHR map. The 

morphology products show less bimodality than the other continental-scale products, though still 

presents a distinctive East-West trend. This implies that the method captures more heterogeneity 

in conductivity values, which would lower the density peaks. The HUC12 PI product shows 

good agreement with GLHYMPS 2.0, CONUS 1.0 subsurface, and the USGS PA-SHR map, has 

a mean polygon area similar to the GLHYMPS maps, and uses a recharge product generated with 

a similar method presented in Luo et al. (2012). Therefor the HUC12 PI is the most successful 

product generated out of the four iterations.  

The methodology contains steady-state assumptions and mathematical constraints (Figure 

3.1), though is able to estimate hydraulic conductivity values across the majority of the US that 

are comparable to other continental-scale products. Though the distribution of values is similar, 

the spatial discrepancies suggest continued efforts to improve methods for estimating hydraulic 

conductivity of both the regional and local scales. The generated product will benefit the 
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continental-scale modeling community by providing new large-scale conductivity estimates for 

the US, and presenting a method that can be used in any region to calculate hydraulic 

conductivity using freely available data and software. This dataset is vital for the hydrologic 

community, a field that is inherently data-limited due to the difficulty of collecting observational 

subsurface data. 
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 APPENDIX A 

 

COMPARISON OF OBSERVED AND MODELED  

GROUNDWATER IN THE HIGH PLAINS 

 

Observational data of water level depth over the High Plains aquifer were obtained 

through the USGS Nebraska Water Center. Data was downloaded for the entire aquifer and for 

each of the eight states individually, for both a “pre-development” baseline (1950-prior), and for 

a “post-development” case (2013). Data was spatially plotted in R-studio, and compared 

statistically using kernel-density plots, for the entire aquifer and for each state. This shows the 

heterogeneous result of pumping across the aquifer, and the variation in water table depth for the 

baseline case.  

(a) (b) 

Figure A.1: Observed water table depth, in meters, across the High Plains for "pre-

development" (a) and "post-development" (b). 
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Modeled water table depth output data was taken from Run 4 of the ParFlow CONUS 

model, which was run for a baseline and pumping scenario, making comparable results to USGS 

observation. The model data was subset over the High Plains for both the baseline and pumping 

runs, and spatially plotted in R-studio. The data was then statistically compared using kernel 

density plots to see how well the model is capturing water table depths and spatial heterogeneity 

compared to observational data. The results of this comparison indicate that the CONUS model 

is able to capture high resolution spatial heterogeneity, but shows much shallower groundwater 

depths that are seen in observation. This implies that the model would benefit from either 

deepening the subsurface boundary of the model, changing the permeability values in subsurface 

indicator fields to capture more local geologic heterogeneities, or a combination of the two.  

(a) (b) 

Figure A.2:Modeled water table depth, in meters, across the High Plains from "pre-development" 

(a) and "post-development"(b). 
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Figure A.2 shows that the CONUS model is predicting similar spatial water table patters 

across the extent of the aquifer, and is showing general agreements in the response to pumping 

across the domain; however, the majority of groundwater within the first 5 meters of the 

subsurface, while observation shows the majority of groundwater within the first 100 meters of 

the subsurface. This leads us to ask why the model is predicting shallow water in regions where 

the observed water table extends to 100 meters, even before significant anthropogenic influences. 

This may be attributed to historic groundwater depletion in this area, which has also lead to bias 

in stream flows over the high plains, compared to observation (Maxwell & Condon, 2016).  

  

Figure A.3: Observed water table depth, in meters, across the High Plains. 
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Figure A.4: Modeled distribution of water table depth, in meters, across the High Plains. 
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 APPENDIX B 

 REPRODUCTING HYDRAULIC CONDUCTIVITY VALUES OVER THE HIGH 

PLAINS USING WATERSHED GEOMORPHOLOGY 

 

The hydraulic conductivity values presented in Luo’s 2012 were reproduced to validate the 

methods and test its reproducibility. This reproduction was done entirely in ArcMap 10.5 using 

freely available data from the USGS and PRISM Climate Group. The methods presented in his 

original publication were adapted to generate average subwatershed values for each of the four 

model parameters: valley depth, drainage density, aquifer thickness, and recharge. The following 

outlines the necessary processing to calculate hydraulic conductivity [m/s] using available data. 

This method is based upon published work from Luo et al. (2012).  Either vector or raster format 

is acceptable. 

 

 (DEM) Digital elevation maps can be downloaded free of charge from the USGS National Map 

as 1deg x 1deg tiles, OR the CGIAR Consortium for Spatial Information (CGIAR-CSI) STRM 

Digital Elevation Data download site as five-degree by five-degree tiles. Both sources have 90-

meter resolution products, and will need to be mosaicked together into one continuous DEM 

(Jarvis et al., 2008; United States Geological Survey, 2018b) 

 

(Recharge) Recharge was estimated according to Luo et al. (2012). This was done by digitized 

the High Plains soil image from Gutentaug (1984). Next, the infiltration percentage of the soil 

type was assigned to each soil using a for-loop in R. The mean infiltration percentage was then 

found for each HUC12.  Precipitation data was taken from PRISM Climate group, and averaged 

by HUC12. Then the precipitation was multiplied by infiltration percent for each HUC12, 

resulting in recharge.  
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(Saturated Thickness) Saturated thickness was estimated using a depth to bedrock polyline file 

available through the USGS GIS database. The depth to bedrock was assumed to be the 

maximum potential aquifer thickness. The depth to bedrock polylines were digitized and krigged 

to generate a continuous product. The HUC12 file was used to find the mean potential aquifer 

thickness using the zonal statistics tool.   

(High Plains Aquifer shapefile) HPA shapefile can easily be downloaded from USGS. (United 

States Geological Survey, 2017). 

(Watershed Boundary Data) HUC2 region through HUC12 subbasin geometry data can be 

downloaded from the USGS WBD website. (Natural Resource Conservation Service, 2018). 

(Stream networks) USGS delineated stream network products are available for download free 

of charge through the national hydrography dataset (NHD) (United States Geological Survey, 

2018a). This may be used in place of a watershed delineation using the constructed DEM. 

Watershed delineation using the DEM is not advised over the High Plains due to the Sand Hills, 

which will be identified incorrectly as streams. The length of stream lines in each HUC12 was 

found using the “Sum line lengths” tool.  

 

After each layer is generated, use the field calculator or raster calculator to execute the 

following formula: 

[Recharge_HUC12] / ([StreamDensity_HUC12] * [StreamDensity_HUC12]) / 

([SaturatedThickness_HUC12] * [SaturatedThickness_HUC12] - 

([SaturatedThickness_HUC12] - [ValleyDepth_HUC12]) * ( [SaturatedThickness_HUC12] – 

[ValleyDepth_HUC12] ) ) 
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This formula follows the original formula presented in Luo et al., 2012: 

� =  �
��[�� − �� − ���] 

The map below compares the hydraulic conductivity estimated from this test to the results from 

Luo et al. 2012. There is some spatial discrepancy, however these results give promise that this 

will be an effective method for estimating hydraulic conductivity across the continental US.  

 

  

Figure B.1: Results from Luo et al 2012 compared to the preliminary results of our estimate across 

the High Plains. 

(a) 

 

(b)  
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 APPENDIX C 

 INPUT PARAMETERS FOR HYDRAULIC CONDUCTIVITY  

 CALCULATION OVER THE CONTINENTAL US 

D (m) 

 d (m) 

(b) 

(a) 

Figure C.1: Parameters used to estimate hydraulic conductivity using the methodology: (a) 

Drainage density, D; (b) Valley depth, d; (c) Aquifer thickness, H; (d) Precipitation, P; (e) 

Infiltration percent, I; (f) Evapotranspiration, ET. 
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(d) 

(c) 

Figure C.1: Continued 
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(f) 

(e) 

Figure C.1: Continued 


