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ABSTRACT

Groundwater represents the world’s largest accessible freshwater reserve and constitutes
a major component of the hydrology in many regions including the United States. Accurate,
continental-scale hydrologic and groundwater modeling is necessary for realistic estimates of
water availability at large scales. Computational demand makes the automated calibration of
high-resolution, continental-scale models infeasible. This study improves the modeling of
continental-scale hydrology by providing a synthesis of methods for estimating and mapping
hydraulic conductivity. We derive, model, and validate a suite of approaches to determining
hydraulic conductivity over the contiguous United States, as well as compare the results with
published hydraulic conductivity sets from literature. We also compare the performance of
validation simulations with those of geologically informed approaches. Finally, we study the
impact of model thickness on effective transmissivity and impose a spatially variable vertical
flow barrier at an estimated depth of bedrock. For validation, hydraulic conductivity datasets are
used to inform an integrated hydrologic model of the Upper Colorado River Basin. Simulated
daily streamflows are compared to daily flow data from 10 USGS stream gages in the domain,
and annually averaged simulated groundwater depths are compared to observations from nearly
2,000 monitoring wells. We find that hydraulic conductivity estimates from methods derived in
this study compare well with those of analytical approaches from literature. We also find that
analytically derived hydraulic conductivity estimates validate well in comparison to geologically

informed approaches.
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CHAPTER 1
INTRODUCTION

Groundwater represents the world’s largest accessible freshwater reserve and constitutes
a major component of the hydrology in many regions including the United States !. Globally,
over 2 billion people rely on groundwater as their primary source of fresh water 2. In America,
some 115 million people, more than one third of the population, use groundwater as their chief
source of domestic water 3. Agriculture and industry make even larger groundwater withdrawals
in the United States with irrigation alone accounting for 65% of fresh groundwater use 4. Over
allocation and a growing human population apply stress to this natural resource both in the
United States and worldwide 2.

While groundwater serves as the world’s largest accessible freshwater resource, it is
intrinsically difficult to study. Direct observations of groundwater can be made using a limited
number of approaches, primarily monitoring wells, which are restrictive in scale. Corse estimates
of groundwater anomaly can be made using remote sensing products like GRACE (the Gravity
Recovery and Climate Experiment), but these estimates are made over large scales on the order
of 10" — 10" km' 3. Management of this vital resource is made even more challenging by the
complex interrelation of groundwater with unsaturated zone soil moisture, surface water, and
even the lower atmosphere 7%,

Fully integrated hydrologic models simulate these reservoirs and flow mechanisms
simultaneously allowing for the continuous quantification of water storages and fluxes. These
models offer a perspective on the complex interactions of water in various phases of the
hydrologic cycle. They can be used in a predictive sense and to connect information from
noncontinuous observations like groundwater wells and stream gages. Hydrologic models can
also be used to drive scientific discovery through scenario testing. Modeling is and has been
applied to study scientific questions such as how climate change affects sensitive mountain
headwaters or how lateral groundwater flow affects evapotranspiration 7°. Modeling is also the
standard in decision making and availability planning by water management groups. In each
case, the scale of the hydrologic model used has important impacts on the results. Continental-
scale models are essential in many cases, as the physical processes governing the hydrologic

cycle often function at large scales %!,



Integrated hydrologic models require knowledge of the hydraulic conductivity of the
domain being simulated. Hydraulic conductivity, often denoted K, is a measure of how easily
water can flow through a porous medium '2. Darcy’s law relates groundwater flow velocity
linearly to hydraulic gradient using hydraulic conductivity. This subsurface parameter is
important for accurate numerical modeling of groundwater systems and is a key component of
the analytical equations of groundwater flow as well. Physically based hydrologic and
groundwater models depend on hydraulic conductivity for groundwater routing. For modeling,
an accurate representation of hydraulic conductivity is essential for a true understanding of
groundwater flow dynamics. Calibration of hydraulic conductivity is a standard practice in
groundwater modeling, but computational demand makes the calibration of high-resolution,
continental-scale models infeasible.

The challenge of mapping hydraulic conductivity lies in the inability to observe hydraulic
conductivity completely. Unlike some hydrologic parameters, hydraulic conductivity cannot be
directly measured using remote sensing techniques. Adding to this challenge is the fact that
hydraulic conductivity can vary by ten orders of magnitude or more between differing subsurface
media '*. K can be measured directly in a lab using core samples, or in situ using slug and pump
tests. However, all of these methods are restrictive in scale and can be expensive 4. Core
sampling only measures the conductivity of a single point in space, meaning that the effects of
subsurface heterogeneity go largely unaccounted. While slug and pump tests directly measure
the effective hydraulic conductivity of real groundwater systems, their results are only
representative of the nearby subsurface on the order of meters to hundreds of meters '*.

This study improves the modeling of continental-scale hydrology by providing a
synthesis of methods for estimating and mapping hydraulic conductivity. We derive, model, and
validate a suite of approaches to determining hydraulic conductivity over the contiguous United
States, as well as compare the results with published hydraulic conductivity sets from literature.
We validate a smaller subdomain of each hydraulic conductivity product using a fully integrated
hydrologic model coupled with a land surface model. We then compare the performance of
validation simulations with those of geology-informed approaches. Finally, we study the
consequence of model thickness on effective transmissivity and impose a spatially variable

vertical flow barrier in our hydrologic model at an estimated depth of bedrock.



CHAPTER 2
BACKGROUND
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Hydraulic conductivity, when mapped at continental and global scales, is often assigned
by subsurface geology '>!®. This approach finds the best available mapping of geology for a
region and assigns an accepted value of K for each geological unit. The most obvious drawback
of this approach is the loss of subsurface heterogeneity. Due to this omission, these approaches
often miss the effects of hydraulic features such as faults, karst, and fracture systems. This
introduces the challenge of scaling hydraulic conductivity and the differences in localized Ks and
large-scale effective Ks. Another obstacle to this method is inconsistency in geologic mapping
across administrative boundaries. Evidence of this issue can be seen in the GLHYMPS 2.0
dataset produced by Huscroft . These discontinuities can create artificial groundwater flow

anomalies, which can affect the overall understanding of a groundwater flow system.
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Luo outlines an analytical approach for estimating K using the geomorphology and
hydrology of a domain '8, In Luo’s study, the relationship between groundwater and surface
water is used to infer the hydraulic properties of the subsurface. Streams are assumed to be
gaining, meaning that they receive baseflow from groundwater storages, and the density of
streams in a domain is thought to negatively correlate to the permeability of that domain '"-°.
This approach assumes that catchments are generally in steady-state when considering the long-
term averages of recharge and spring flows. Using this assumption, a mass balance can be
performed over a catchment, and hydraulic conductivity can be estimated by making the DuPuit-
Forchheimer assumptions and rearranging the groundwater equation '7. This approach, and
similar approaches, represent promise as they address the problem of effective K versus local K.
They also represent efficient methods for estimating hydraulic conductivity at large scales. At the
time of writing (2021), no study has validated the results of such methods with a fully integrated
hydrologic model.
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In addition to the relation of permeability with stream density, this study will assume a
relationship between topography and the water table of unconfined aquifer units. This is an
assumption often applied in the field of groundwater hydrology and the relationship between
topography and the water table of unconfined aquifers has been recognized since the 19th
century 2, It is often said in hydrology that the water table behaves as a “subdued replica of the
ground surface,” and we will use this principal to equate large-scale averages in topographic
slope to average hydraulic gradient ?!. There remains, however, some question over how and
when this relationship can be used. Desbarats explains the advantages and challenges of relating
topography and groundwater elevation in application. Haitjema and Mitchell-Bruker discusses
the circumstances under which water tables are topography controlled and conversely recharge
controlled, but ultimately conclude that there is nearly always some degree of correlation at large

scales 2.
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Another topic that will be of relevance to this study is effective transmissivity. When we
use this term, we are referring to the vertically averaged, in our case constant, lateral hydraulic
conductivity of an unconfined aquifer multiplied by its saturated thickness. Dagan discusses the
validity concept and states that in reality, aquifer units are often much more complex 3-
dimensional structures 23. However, we will make the Dupuit-Forchheimer assumption when
modeling K. In the present study, we will assume groundwater flow to be strictly horizontal and
groundwater discharge to be proportional to saturated aquifer thickness '7. Shangguan provides a
global estimate of depth to bedrock at 250m resolution which can be used to infer an
unconsolidated aquifer thickness 2*. Shangguan’s estimate of unconsolidated subsurface
thickness is spatially variable and a great majority of hydrologic models have a constant
thickness. This can result in differing effective transmissivities between models and the domains
they simulate even for the same value of K causing an over or under prediction of lateral

groundwater flow.



CHAPTER 3

METHODS
?"#D>&/>:8ES

This study takes a two-component approach to exploring hydraulic conductivity at large

scales. The first is a mapping component in which several methods are used to estimate the
saturated subsurface hydraulic conductivity of the contiguous United States and adjacent
hydrologic regions. We categorize these approaches as analytical, meaning that they rely on a
mathematical formulation, or geological, meaning that K is assigned based on knowledge of the
subsurface material. The second component is a validation study. Validation is not performed
over the full US, but rather in a major subdomain: The Upper Colorado River Basin (UCRB).
Finally, we study the consequence of model thickness on effective transmissivity and impose a
spatially variable vertical flow barrier at an estimated depth of bedrock. For validation, hydraulic
conductivity datasets are used to inform an integrated hydrologic model of the UCRB. This
model simulates surface water and groundwater simultaneously with atmospheric forcing for an
entire water year. Simulated hourly streamflows are compared to hourly flow data from 10
USGS stream gages in the domain, and annually averaged simulated groundwater depths are

compared to observations from nearly 2,000 monitoring wells.
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Figure 3.1 provides an outline of the full study area with the UCRB subdomain
delineated in blue. This spatial extent was chosen to include relevant hydrologic features, such as
the Columbia River Basin and the full Rio Grande Basin, for future modeling. Mapping is done
in 2D at high resolution with grid cells of one square kilometer. Analytical approaches average
hydrologic catchment parameters at the USGS HUC12 scale, which are on the order 10' km' in
area on average. Geologically informed K maps, those with vector geometry originally, are

rasterized at the aforementioned 1 km resolution as are the borders of the HUC12 catchments.
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Figure 3.18Study site with validation subdomain: the contiguous United States and adjacent
hydrologic regions and the Colorado River Basin (UCRB) above Lee’s Ferry.
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Non-analytical approaches from both this study and published studies are considered in
our comparison of methods for estimating hydraulic conductivity at the continental-scale. The
first and most notable of these is the GLHYMPS 2.0 dataset from Huscroft '°. This product is
composed of two layers disaggregated by an estimate of depth to bedrock provided by
Shangguan 24, Both upper and lower conductivity layers come from the GLHYMPS dataset. The
upper layer is thought to better represent unconsolidated areas, while the lower layer is thought
to better represent the underlying geolgy's. A depiction of this vertical disaggregation can be
seen in Figure 3.2. This dataset will be referred to as both GLHYMPS and GLYMPS 2.0
interchangeably throughout. Our CONUS dataset will use the spatial distribution of geology
types from this GLHYMPS 2.0 product but assign values of K from Condon and Maxwell to
each rock type as described later in this section®>?%. A full list of approaches and cases can be

found in Table 3.1 (p 10).
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Figure 3.2 Conceptual model of 2-layer hydraulic conductivity datasets and vertical
discretization of test domain (not drawn to scale).

An estimate of hydraulic conductivity is created by assigning K values from Heath to a
geology map provided by the USGS !*?7. This USGS geology map is the union of the USGS’s
principle aquifer map and its secondary hydrologic regions map 7. Combined, these two maps
cover the entirety of the US. This dataset will be referred to as the USGS K by Rock Type
dataset from here forward. While K values have been assigned for this dataset, the CONUS
dataset will use the geometries of the USGS geology map and assign different estimate values of
K. In areas considered in the study region but outside of US borders, GLHYMPS 1.0 geology
mapping is used.

Our study considers a third 2-layer, geology-informed model for comparison. This model
uses the geometries from the GLHYMPS and USGS datasets but assigns estimates of K from
Maxwell to each rock type?®. Here, the upper layer is the GLHYMPS 2.0 dataset’s top layer and
the bottom layer is the USGS dataset. The idea supporting this approach is that the GLHYMPS
dataset represents near-surface geology better than the USGS, and the USGS may better

represent deeper units. Unconsolidated areas are mapped as bedrock in the lower layer. This is



done because unconsolidated areas are expected to be accounted for by GLHYMPS in the upper

layer. We will refer to this product as the CONUS dataset.
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The analytical approach described by Luo et al. 2010 is investigated by this study. From
here forward, this approach may simply be referred to as the Luo Approach. This method
assumes that catchments are effectively drained, aquifer thickness is equal to depth-to-bedrock
and groundwater flow is horizontal. Parameters such as: recharge, aquifer thickness, valley
depth, and drainage density, are averaged over each USGS HUC12 catchment ?°. These
parameters are used by Equation 1 to estimate K for each catchment and can be seen illustrated

in Figure 3.3.

_ #$
K= %24"2() " (*+2, (31)

K — hydraulic conductivity (L/T)
R — average recharge (L/T)

D — drainage density (L)

H — aquifer thickness (L)

d — valley depth (L)

Figure 3.3 Conceptual model of hydrologic catchment properties !7.



Drainage density, while not depicted in Figure 3.3, is equivalent to 1/2W. It can be
estimated by dividing the total length of streams in a catchment by the catchment’s area. Both
terms, D and W, will be applied in our various Luo Approach cases. These parameters are
derived using the NHD Plus stream map %°.

Hydraulic gradient is assumed to be a function of aquifer thickness and valley depth,
which is defined as the average depth of erosion along streams. This can be approximated by
taking the black top hat transform of a digital elevation model *°. This study performs the black
hat transform at 30m resolution over the entire contiguous US, as shown in Appendix Al. The
resulting black top hat transform result is then averaged at 250m resolution for storage and use.
To convert this 250m black top hat product to valley depth, it is then averaged along NHD plus
streams for each catchment.

Aquifer thickness is assumed to be equivalent to the depth of bedrock. This means that
the Luo Approach inherently assumes that unconsolidated areas are fully saturated some distance
away from their draining streams and that bedrock geologies do not contribute baseflow. These
assumptions are often violated by real-world systems, but validation assesses how well they
perform. Further assumptions on the value of aquifer thickness and valley depth are necessary as
well. The mathematical formula of the Luo Approach produces negative hydraulic conductivities
when valley depth is more than twice aquifer thickness. To remedy this, three assumptions are
made and then tested individually: 1.) aquifer thickness is greater than or equal to 100m. 2.)
valley depth is less than or equal to aquifer thickness. 3.) aquifer thickness is a constant 200m.
These assumptions are outlined in Table 3.1. Finally, recharge was estimated subtracting average
evapotranspiration from precipitation 3'. These two parameters were averaged over each

catchment for calculation.
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This study derives what will be referred to as the Darcy Approach. This approach is
rooted in the rearrangement of Darcy’s law. When using this method, all of the fundamental Luo
assumptions are made with a single exception: hydraulic gradient in the Darcy Approach is
assumed to be equivalent to topographic slope. This removes the need for valley depth
altogether, which alleviates the need for the additional assumptions on aquifer thickness and

valley depth made when performing the Luo Approach. The Darcy method is used for the



creating of both hydraulic conductivity sets, and transmissivity (T) sets. The formulas for these

methods are provided below by equations 2 and 3. For two cases, one K and one T, the model

slopes and flow lengths were used to assess the importance of inner consistency when modeling

permeabilities.
#_
K= — e
#_
T = -

K — hydraulic conductivity (L/T)
T — transmissivity (L'/T)

R — average recharge (L/T)

W — effective flow length (L)

H — aquifer thickness (L)

S — topographic slope (L/L)

Table 3.1 Summary and description of subsurface datasets.

(3.2)

(3.3)

Name Layers Method Assumptions

GLHYMPS 2.0 2 K values from Huscroft (2018); Shangguan NA
depth to bedrock (2016)

USGS by Rock Type 1 USGS Primary Aquifers and Secondary NA
Hydrologic Regions assigned K by geology

CONUS 2 GLYMPS 2.0 over USGS rock aquifers; Indicators
Shangguan depth to bedrock (2016);
secondary regions classified as bedrock

Analytical K Case 1 1 Luo method with drainage density H>=100m

Analytical K Case 2 1 Luo method with drainage density d<=H

Analytical K Case 3 1 Luo method with drainage density H=200m

Analytical K Case 4 1 Luo method with average effective flow H>=100 m
length

Analytical K Case 5 1 Luo method with average effective flow d<=H
length

Analytical K Case 6 1 Luo method with average effective flow H=200m
length

Analytical K Case 7 1 Darcy method using average effective flow NA
length

Analytical K Case 8 1 Darcy method using drainage density NA

10




Table 3.1 Continued

Analytical K Case 9 1 Darcy method using average effective flow CONUS slopes
length and flow lengths

Analytical T Case 1 1 Darcy method using average effective flow NA
length

Analytical T Case 2 1 Darcy method using drainage density NA

Analytical T Case 3 1 Darcy method using average effective flow CONUS slopes
length and flow lengths

Gaps in the input data hampered the application of the analytical solutions in some
regions, primarily in HUC12s with limited NHD Plus stream data. To address this, we
implement two data filling techniques. No-data areas inside of US borders re filled using simple
nearest neighbor interpolation for smoothness. The processing script used to perform this
interpolation can be found in the appendix, A19. No-data areas outside of the US borders, which
are larger on average, are extrapolated using machine learning. For both hydraulic conductivity
and transmissivity, the neural net is trained on recharge and elevation, as our analytical solutions
are sensitive to both of these parameters. The script used to perform this extrapolation is

provided in the appendix, A20.
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Validation is performed for the water year of 1983 in the UCRB. This water year and
domain are advantageous as there is clear seasonality in flow regimes due to snow melt allowing
baseflow and peak flows to analyzed separately. We use this opportunity to untangle the surface
water controls of subsurface hydraulic conductivity. The dramatic snowmelt-driven peak flows
of 1983 also allow us to observe model performance in extreme conditions.

The model used in validation is ParFlow-CLM, a 3D, integrated hydrologic model
coupled to a land surface model *>737. The UCRB is modeled at 1km horizontal resolution and
varying vertical resolution; the vertical discretization can be seen in Figure 3.2. CLM, a land
surface model, is used in all simulations, and NLDAS forcing for the year of 1983 drives
meteorological inputs *%. Modeled stream flows are compared to observed flows from USGS
stream gages at 10 locations in the UCRB. Modeled groundwater is compared to Fan’s collection
of groundwater observation well data for the year of 1983 3. In this comparison, depth to

groundwater is averaged over the water year. Soil data from SSURGO makes up the first 2m of

11




each model domain, with our hydraulic conductivity datasets beneath as shown in Figure 3.2 4°.
Figure 3.1 depicts the study basin’s location within the US and Figure 3.4 shows the locations of

USGS stream gages within the validation domain.
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§
Figure 3.4 Validation model domain: Upper Colorado River Basin above Lee’s Ferry.
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Our model thickness of 1192m is significantly larger than the estimated depths to
bedrock provided by Shangguan 24, Our analytical approaches directly rely on an estimate of
aquifer thickness, which we have assumed to be equivalent to the depth of bedrock. The
difference in estimated aquifer thickness and model thickness poses a potential problem because
our effective transmissivity has now been increased in most areas. We address this through the
use of a vertical flow barrier, which is model element that reduces flow at model cell interfaces.

To assess the influence of effective transmissivity on surface water flows, we run the UCRB

12



model with and without a spatially variable vertical flow barrier to simulate an aquitard at
Shangguan’s estimated depth of bedrock. This limits the groundwater contributions to surface
water from units beneath the flow barrier which is truer in a sense to our conceptualization of the
system. Figure 3.2 illustrates our conceptualization of a spatially variable confining unit. Table

3.2 provides a full list of the validation simulations run and the method of assigning a vertical

flow barrier.
Table 3.2 Validation simulations completed.
Subsurface Effective Thickness

GLHYMPS 2.0 Full model thickness
USGS K by Rock Type Full model thickness
CONUS 2.0 Full model thickness
Analytical K Case 1 Full model thickness
Analytical K Case 7 Full model thickness
GLHYMPS 2.0 Shangguan (SFBZ)
Analytical K Case 1 Modified Shangguan (mSFBZ)
Analytical K Case 7 Shangguan (SFBZ)
Analytical K Case 3 Constant 192m (CFBZ)
Analytical T case 1 Constant 192m (CFBZ)

§

§ §
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CHAPTER 4
RESULTS AND DISCUSSION
A'#D>8/>:8ES
After producing a suite of analytically derived hydraulic conductivity products, we
compare them with geology-informed datasets from literature and from this study. Overall, we
see good agreement between analytically derived products and geology-informed products, with
area-weighted mean K values being similar across approaches. When validating, we find that the
analytical cases validated perform similarly to each other. We also find that they validate well
with respect to non-analytical approaches especially in the area of groundwater. Additionally, we

find that stream baseflow is highly sensitive to effective model thickness and transmissivity.
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We find that analytically derived K values are slightly higher on average with smaller
standard deviations when compared to conductivities from literature '>!327. However, CONUS
values are higher than analytical cases on average with smaller standard deviations. The
discrepancy between CONUS values and literature values is due to the renormalization
performed on CONUS values by Condon and Maxwell 2>%6, These values, while seemingly
outliers among geology-informed approaches, have been tested in several continental-scale
modeling projects and have proven to be suitable in application. Analytical cases 2 and 5 appear
to be outliers among the Luo cases. Both of these cases made the assumption that valley depth d
was less than or equal to aquifer thickness H. This result highlights the sensitivity of the Luo
Approach to the relationship of valley depth with aquifer thickness. Conductivity case 9 and
transmissivity case 3 appear to be outliers among the Darcy Approach results. This is due to the
fact that model slopes, which are much lower than true topography, were used to infer hydraulic
gradient, increasing K values. Table 4.1 offers a statistical comparison of all K products and
Figure 4.1 presents the probability density functions of each analytically derived set and the
probability mass function of each geology-informed set (Fig4.1, p 16).

14



Table 4.1 Statistical comparison of analytically and geologically derived hydraulic conductivity
values. Conductivities in in m/s, transmissivities in m'/s.$

Log-Transformed Data Untransformed Data

Name Mean STD Mean STD
GLHYMPS 2 (top layer) -5.79 1.90 9.83E-05 1.39E-04
GLHYMPS 1 (bottom layer) -6.77 1.54 6.40E-06 2.19E-05
USGS K by Rock Type -5.37 1.69 1.80E-04 3.28E-04
CONUS 2 (top layer) -4.64 0.33 2.99E-05 2.02E-05
CONUS 1 (bottom layer) -4.88 0.23 1.53E-05 8.81E-06
Analytical K Case 1 -5.68 0.69 9.65E-06 3.72E-05
Analytical K Case 2 -4.77 0.82 8.83E-05 2.44E-04
Analytical K Case 3 -6.01 0.70 5.09E-06 2.90E-05
Analytical K Case 4 -5.31 0.70 2.71E-05 1.13E-04
Analytical K Case 5 -4.41 0.77 1.57E-04 3.38E-04
Analytical K Case 6 -5.63 0.72 1.46E-05 7.09E-05
Analytical K Case 7 -5.45 0.79 2.77E-05 1.38E-04
Analytical K Case 8 -5.41 0.76 2.16E-05 8.80E-05
Analytical K Case 9 -3.80 0.92 3.58E-03 4. 53E-02
Analytical T Case 1 -4.10 0.72 1.00E-03 1.43E-02
Analytical T Case 2 -4.06 0.65 3.11E-04 9.35E-04
Analytical T Case 3 -2.45 0.80 3.49E-02 1.90E-01

The spatial distribution of K in five representative hydraulic conductivity products can be
seen in Figure 4.2 (p 17). White inland areas in analytical products represent lakes without any
estimated value of K. The smoothness of the Luo and Darcy products in comparison to
GLHYMPS and the USGS map is shown in Figure 4.2 (p 17). This could mean that our
analytical approaches are capturing the effect of scaling on hydraulic conductivity — the goal of
analytical approaches. Alternatively, it could be a non-representational result of our
mathematical formulations. What supports the results of these approaches is the presence of
geologic features that we would expect to have influences on hydraulic conductivity. For
example, the Mississippi Embayment can clearly be seen in both Analytical Case 1 and
Analytical Case 7 even though no geology is used to inform either of these approaches.
Additionally, our large-scale mean conductivities resemble those of geology-informed

approaches from literature as seen in Table 4.1.
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We make use of the UCRB ParFlow-CLM results to validate our hydraulic conductivity
products. The results at all ten USGS stream gages for each of our ten simulations can be found
in Appendix 9-18. As shown in Table 3.2, five simulations were run without any vertical flow
barrier having an effective thickness equivalent to the full model thickness of 1,192m. We find
that our models overpredict baseflow in each of these simulations. Regardless of overprediction,
the Luo and Darcy approaches validate similarly to each other, both predicting just over twice
the observed values having average relative biases across all ten stream gages of 110% and
106% respectively. These values are slightly higher than the 75% seen in the GLHYMPS 2.0
validation and the 58% seen in the USGS, but considerably less than the 652% relative bias from
the CONUS validation. We take an unweighted arithmetic mean so that headwaters have suitable
representation. Accuracy in timing appears to be muted in all cases by the vast overprediction of
baseflow. Still, the two analytical approaches perform similarly with an average Spearman’s Rho
of 0.35 for both cases. GLHYMPS’ timing is marginally worse with a Spearman’s Rho of 0.34,
CONUS performs worst with a Rho of 0.20, and the USGS dataset performs best with a Rho of
0.44. The shapes of the two analytical hydrographs are similar. This can be seen in Figures 4.3
and 4.4 (Fig 4.3, p 21; Fig4.4, p 22).

Our results support the idea that aquifer transmissivity is an important control on stream
baseflow. We see cases with higher hydraulic conductivity values appear to display greater
overprediction. This result is clear when comparing the hydrographs of our GLHYMPS 2.0
simulation, which had the lowest basin-wide average K with our CONUS simulation, which had
the highest basin-wide average K. Figures 4.5 and 4.6 present the streamflows from our
GLHYMPS 2.0 and CONUS simulations respectively (Fig 4.5, p 23; Fig 4.6, p 24). Here,
GLHYMPS 2.0 overpredicts 10"-percentile flows by 230% on average across all ten stream
gages, and CONUS overpredicts 10"-percentile flows by 1,520%. The USGS case presents an
anomaly in that its K values are not lower than GLHYMPS’, yet it predicts lower baseflows.
This suggests that the spatial distribution of K along with the large-scale average has impacts on
streamflows.

The impact of effective model thickness on streamflow is illustrated when a vertical flow

barrier is imposed on the model at specified depths. With the spatially variable vertical flow
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barrier at Shangguan’s estimated depth to bedrock, we see a dramatic decrease in simulated
baseflow as shown in Figures 4.7 and 4.8 (Fig 4.7, p 25; Fig 4.8, p 26). However, it appears that
the vertical flow barrier has caused as systematic underprediction in streamflow for both
GLHYMPS 2.0 with a relative bias of -30% at Lee’s Ferry and Case 7 with a relative bias of
-77% at Lee’s Ferry. Our headwaters perform better with the vertical flow barrier, however. This
is reflected in an arithmetic mean relative bias across all gages of -58% for the Darcy Approach
and 3% for GLHYMPS 2.0. Additionally, we see an improvement of timing, as the Spearman’s
Rho our Darcy Approach increases from 0.35 to 0.53, and GLHYMPS’ improve from 0.34 to
0.49.

A"?2"18%/ * <-1E488/G&3865="034/:7" -§

By comparing simulated groundwater depths with nearly 2,000 annually averaged
monitoring well observations, we find that groundwater validates well across approaches. As in
our surface water comparisons, the Luo Approach and the Darcy Approach validate similarly
with RMSEs of 9.25m and 9.24m respectively. Our two analytical approaches outperform
GLHYMPS 2.0 and CONUS in terms of R and R', but the USGS K by Rock Type dataset
performs best overall. Correlation plots are shown in Figure 4.9 (p 27). The similarity in
performance between Analytical cases 1 and 7 and the USGS K by Rock Type dataset can be
seen in their correlation coefficients and respective plots. We associate this similarity in
performance with the similarity in area-weighted mean K seen between these three datasets.

We find that all cases and approaches underpredict groundwater depth, meaning that the
elevation of the simulated water table is too high. This can be seen in Table 4.2, where the mean
deviation between observed groundwater depths and simulated groundwater depths is positive
for all cases (p 20). This systematic error could be a result of model physics, as it is constant
across high and low values of K. We hypothesize that the 1km resolution of our model may not
fully capture the steep topography of the domain, resulting in lower simulated hydraulic
gradients and consequently, higher water tables. Our addition of vertical flow barriers improves

this bias but hurts groundwater depth predictions holistically, as seen in Figure 4.10 (p 28).$
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Table 4.2 Groundwater depth prediction performance statistics.

Subsurface R' RMSE (m) Mean Deviation: Obs-Calc (m)
GLHYMPS 2.0 0.40 12.5 0.24
USGS K by Rock Type 0.70 8.9 1.68
CONUS 0.67 9.9 1.90
Analytical K Case 1 0.68 9.3 1.52
Analytical K Case 7 0.68 9.2 1.62
GLHYMPS 2.0 (SFBZ) 0.41 12.3 0.28
Analytical K Case 1 (mSFBZ) 0.59 10.1 0.46
Analytical K Case 7 (SFBZ) 0.62 9.8 1.55
Analytical K Case 3 (CFBZ) 0.60 10.2 0.43
Analytical T case 1 (CFBZ) 0.58 10.4 0.37
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Figure 4.3 Luo Approach hydrograph results for four representative stream gages. Flows
measured in cubic meters per hour. The results shown here are for water year 1983.
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Analytical K Case 7
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Figure 4.4 Darcy Approach hydrograph results for four representative stream gages. Flows
measured in cubic meters per hour. The results shown here are for water year 1983.
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GLHYMPS 2.0
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Figure 4.5 GLHYMPS 2.0 hydrograph results for four representative stream gages. Flows
measured in cubic meters per hour. The results shown here are for water year 1983. These axes
have been modified for visual comparison with Figure 4.6.
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CONUS
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Figure 4.6 CONUS hydrograph results for four representative stream gages. Flows measured in
cubic meters per hour. Results shown are for water year 1983.
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Analytical K Case 7 - SFBZ
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Figure 4.7 Darcy Approach with vertical flow barrier hydrograph results for four representative

stream gages. Flows measured in cubic meters per hour. The results shown here are for water
year 1983.
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GLHYMPS 2.0 - SFBZ
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Figure 4.8 GLHYMPS 2.0 with a vertical flow barrier hydrograph results for four representative

stream gages. Flows measured in cubic meters per hour. The results shown here are for water
year 1983.
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Figure 4.10 Comparison of groundwater depth correlations. Note: correlation coefficient R is
presented here, not R'.
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CHAPTER 5
CONCLUSIONS

This study addressed the challenge of characterizing hydraulic conductivity at the continental
scale using both analytical and geologically informed solutions to improve hydrologic and
groundwater simulation at large scales. We used an analytical approach from literature as well as
novel approach derived in this study to produce nine hydraulic conductivity maps and three
transmissivity maps for the contiguous United States and adjacent hydrologic regions. We
compared the results of analytical approaches to each other and to hydraulic conductivity values
from literature finding them to be comparable. We validated K products from both analytical
approaches and three geology-informed approaches in a fully integrated hydrologic model of a
basin-scale watershed — something unique to this study. Finally, we studied the effect of model
aquifer thickness on surface water-groundwater interactions by limiting vertical flow between
model cells at specified depths simulating naturally occurring aquitards.

We found that the hydraulic conductivity of the subsurface has important implications for
surface water partitioning, which highlights the interconnectedness of groundwater, soil
moisture, and surface water. This supports holistic approaches to conceptualizing and modeling
hydrology. We found that model thickness and effective transmissivity have important impacts
for surface water as well, primarily in the form of baseflow, which is groundwater driven.
Conversely, we found that peak flows, which were snowmelt dominated and largely runoff
driven in our domain, are affected less by model subsurface configuration. These findings serve
to further confirm established concepts in the fields of hydrology and hydrogeology”.

The findings of this study support the use of geomorphology and analytical approaches to
make inferences about subsurface hydrostratigraphy. We found that analytical approaches yield
estimates of K that validate well compared to non-analytical, geology-informed estimates from
literature. We also show that the analytical approach derived by this study, referred to herein as
the Darcy Approach, produces estimates of K that are similar in spatial distribution, standard
deviation, mean value, and validation performance to estimates from the Luo Approach from
literature'”. Moreover, the Darcy Approach required fewer assumptions in application, making it
easier to use and to defend. Finally, we conclude that the underlying assumptions of our

analytical approaches, while imperfect, are useful for conceptualizing and modeling the
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subsurface at large scales. Future work could improve upon this study by investigating where
these assumptions perform best, where they perform poorly, and how to alter or replace

assumptions when they do perform poorly.
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APPENDIX
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Figure A1. Map of recharge for the contiguous US from Tran et al.’!
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Figure A2. Map of unconsolidated depth to bedrock over the contiguous US from Shangguan
etal?*

35



Drainage Density

Drainage Density (m”-1)
[ 10.0001
[10.000575

[ 0.00105

I 0.001525

Il 0.002

0 250 500 750 1,000 km

Figure A3. Map of drainage density for the contiguous US calculated from NHD Plus stream
data.
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Figure A4. Map of average effective flow length for the contiguous US calculated from NHD
Plus stream data.
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Figure AS. Black top hat transform results over the contiguous US. DEM processed at 30m
resolution and averaged at 250m resolution for storage and use.
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Figure A6. Topographic slope over the contiguous US. DEM collected at 30m resolution and
averaged at 250m resolution for storage and use.
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Figure A7. Hydraulic conductivity results from the Luo Approach.'®
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Figure A8. Hydraulic conductivity and transmissivity results from the Darcy Approach.
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Figure A19. Python script for interpolating no-data areas.

import gdal
from gdalconst import *
Import numpy as np

# Official CONUS 2.0 MASK with lakes removed
Mask= gdal .Open(~“Mask.tif") .ReadAsArray()
ds=gdal .Open(“Mask.tif")

GeoTransform = ds.GetGeoTransform()
Projection = ds.GetProjection()

X_res = ds.RasterXSize # X-resolution
y_res = ds.RasterYSize # Y-resolution
inf = 10**10

Mask = np.round(Mask,5)
Mask = np.nan_to_num(Mask)
Mask[Mask > inf] = O
Mask[Mask < -inf] = 0

# Official CONUS 2.0 MASK with lakes removed
Border= gdal .Open("US_Border.tif") .ReadAsArray()
Border = np.round(Border,5)

Border = np.nan_to_num(Border)

Border[Border = 1] = O

# drainage density is only used to determine where interpolation
should be done

Cull_1 = gdal.Open(“drainage_density.tif")_ReadAsArray()

Cull_1 = np.nan_to_num(Cull_1)

Cull _1[Cull_1 > inf] =0
Cull _1[Cull_1 < -inf] =

Cull_1[Cull_1 < 0.0005] 0

Cull_1JCull_1 >= 0.0005] =1

0

# average fTlow length is only used to determine where
interpolation should be done

Cull_2 = gdal.Open("flow_length.tif")_ReadAsArray()
Cull_2 = np.-round(Cull_2,5)

Cull_2 = np.nan_to_num(Cull_2)

Cull _2[Cull_2 > 10**10] = O
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Cull _2[Cull_2 < -10**10] = O
Cull_2[Cull_2 <=50] =0
Cull _2[Cull_2 >50] =1

set=[1,2,3,8]

for 1 iIn set:
# reading in file to be interpolated

i = str(i)

name = "K _case "+i+"_tif"

Name = “"test K case "+i+"_tif"

data = gdal .Open(name) .ReadAsArray()
data = np.round(data,b5)

data = np.nan_to_num(data)
data[data > 10**30] = O

data[data < -10**30] = O

data[data > -2.5563] = 0O

data = data * Cull_1

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)
# Here we create our blank tif
out.SetGeoTransform(GeoTransform)
# Now we assign a geo-transform
out.SetProjection(Projection)
# We set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )
out.GetRasterBand(1l) .SetNoDataValue(0)
band = out.GetRasterBand(1)
result = gdal.FillNodata(targetBand = band, maskBand =
None,
maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)
# Here we create our blank tif
out.SetGeoTransform(GeoTransform)
# Now we assign a geo-transform
out.SetProjection(Projection)
# We set our tif"s projection
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out.GetRasterBand(1l) .WriteArray( out_array )
out.GetRasterBand(1l) .SetNoDataValue(0)

out.FlushCache()
out = None

set=[4,5,6]

for 1 iIn set:
# reading in file to be interpolated

i = str(i)

name = "K _case "+i+"_tif"

Name = “"test K case "+i+"_tif"

data = gdal .Open(name).ReadAsArray()
data = np.round(data,b5)

data = np.nan_to_num(data)

data[data > 10**30] = O
data[data < -10**30]
data[data > -2.5563]
data = data * Cull_1
data = data * Cull 2

0
0

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)
# Here we create our blank tif
out.SetGeoTransform(GeoTransform)
# Now we assign a geo-transform
out.SetProjection(Projection)
# We set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )
out.GetRasterBand(1l) .SetNoDataValue(0)
band = out.GetRasterBand(1)
result = gdal.FillINodata(targetBand = band, maskBand =
None,
maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)
# Here we create our blank tif
out.SetGeoTransform(GeoTransform)
# Now we assign a geo-transform
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out.SetProjection(Projection)

# We set our tif"s projection
out.GetRasterBand(l) .WriteArray( out_array )
out.GetRasterBand(1l) .SetNoDataValue(0)

out.FlushCache()
out = None

T e e e e e e e e e e e e e e e e e e e S e e e e e e
______________________ H

name = "K case 7.tif"

Name = “"test K case 7.tif"

data = gdal .Open(name) .ReadAsArray()

data = np.round(data,5)

data = np.nan_to_num(data)

dataJdata > 10**30] = O
dataJdata < -10**30]
dataJdata > -2.5563]
data = data*Cull_2

0
0

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )
out.GetRasterBand(1l) .SetNoDataValue(0)
band = out.GetRasterBand(1)

result = gdal.FillINodata(targetBand = band, maskBand =

maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiTf").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( out_array )

out.GetRasterBand(1l) . SetNoDataValue(0)
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out.FlushCache()
out = None

T e e e e e e e e e 5 e e 5 1 0 e 0 0 1 1 5 e 0 0 1 0 e 5 0 0 0 5 e e e e e o e
______________________ H

name = "K case 9.tif"

Name = "test K case 9.tif"

data = gdal .Open(name) .ReadAsArray()

data = np.round(data,5)

data = np.nan_to_num(data)

dataJdata > 10**30] = O
dataJdata < -10**30] = O

out = gdal .GetDriverByName("GTiTf").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )
out.GetRasterBand(1l) . SetNoDataValue(0)
band = out.GetRasterBand(1)

result = gdal.FillINodata(targetBand = band, maskBand =

maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( out_array )

out.GetRasterBand(1l) . SetNoDataValue(0)

out.FlushCache()
out = None

56

None,

# We

# We



______________________ H

name = "T case 3.tif"

Name = "test T case 3.tif"

data = gdal .Open(name) .ReadAsArray()
data = np.round(data,5)

data = np.nan_to_num(data)

dataJdata > 10**30] = O
dataJdata < -10**30] = O

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )
out.GetRasterBand(1l) . SetNoDataValue(0)
band = out.GetRasterBand(1)

result = gdal.FillINodata(targetBand = band, maskBand =

maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiTf").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( out_array )

out.GetRasterBand(1l) . SetNoDataValue(0)

out.FlushCache()
out = None

None,

# We

# We

B e __
______________________ #

name = "T_case 1.tif"

Name = “"test T case 1.tif"
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data = gdal .Open(name).ReadAsArray()
data = np.round(data,b5)

data = np.nan_to_num(data)

dataJdata > 10**30] = O

dataJdata < -10**30] = O

data = data*Cull_2

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) -WriteArray( data )
out.GetRasterBand(1l) . SetNoDataValue(0)
band = out.GetRasterBand(1)

result = gdal.FillINodata(targetBand = band, maskBand =

maxSearchDist = 500, smoothinglterations = 0)
out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiff").Create(
Name, x res, y res, 1,gdal.GDT_Float32)

Here we create our blank tif

out.SetGeoTransform(GeoTransform)

Now we assign a geo-transform

out.SetProjection(Projection)

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( out_array )

out.GetRasterBand(1l) . SetNoDataValue(0)

out.FlushCache()
out = None

None,

# We

# We

T e e e e e e e e e e 5 e 5 e 1 0 e e 0 1 5 e e 0 1 0 e 5 0 e 1 e e e e e e o e
______________________ H

name = "T case 2.tif"

Name = “"test T case 2.tif"

data = gdal .Open(name) .ReadAsArray()

data = np.round(data,5)

data = np.nan_to_num(data)

dataJdata > 10**30] = O
dataJdata < -10**30] = O
data = data * Cull_1
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out = gdal .GetDriverByName("GTiff").Create(

Name, x res, y res, 1,gdal.GDT_Float32) #
Here we create our blank tif
out.SetGeoTransform(GeoTransftorm) #
Now we assign a geo-transform
out.SetProjection(Projection) # We

set our tif"s projection

out.GetRasterBand(1l) .WriteArray( data )

out.GetRasterBand(1l) . SetNoDataValue(0)

band = out.GetRasterBand(1)

result = gdal.FillNodata(targetBand = band, maskBand = None,
maxSearchDist = 500, smoothinglterations = 0)

out_array = out.ReadAsArray()*Border

out = gdal .GetDriverByName("GTiTf").Create(

Name, x res, y res, 1,gdal.GDT_Float32) #
Here we create our blank tif
out.SetGeoTransform(GeoTransform) #
Now we assign a geo-transform
out.SetProjection(Projection) # We

set our tif"s projection
out.GetRasterBand(1l) .WriteArray( out_array )
out.GetRasterBand(1l) . SetNoDataValue(0)

out.FlushCache()
out = None
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Figure A20. Python script for extrapolating no-data areas outside of the US.

# Importing useful libraries

import gdal

Import numpy as np

import os, glob

import matplotlib.pyplot as plt

from sklearn.linear_model import Ridge

from sklearn.preprocessing import PolynomialFeatures
from sklearn.pipeline import make pipeline

# Initializing tif file
def createTif(fname, res_arr, geom, prj, dtype=gdal.GDT_Float32,
ndata=-99):
driver = gdal .GetDriverByName("GTiff")
dataset = driver.Create(
fname,
res_arr.shape[1l],
res_arr.shape[0],
1k
dtype,
options = ["COMPRESS=LZW"])
dataset.SetGeoTransform(geom)
dataset.SetProjection(prj)
dataset.GetRasterBand(1l) -WriteArray(res_arr)
dataset.GetRasterBand(1) -SetNoDataValue(ndata)
dataset.FlushCache()

inf = 10**10

# reading first training dataset

train_1= gdal.Open(~final_PME_1km.tif")_.ReadAsArray()
train_1 = np.round(train_1,5)

train_1l = np.nan_to_num(train_1)

train_1[train_1 > inf] =0

train_1[train_1 < -inf] = 0

# reading second training dataset

train_2 gdal .Open("CONUS_DEM_1km.tif") .ReadAsArray()
train_2 = np.round(train_2,5)

train_2 = np.nan_to_num(train_2)

train_2[train_2 > inf] =0

train_2[train_2 < -inf] = 0
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# drainage density is only used to determine where interpolation
should be done

train_3 = gdal.Open(“drainage_density.tif")._ReadAsArray()
train_3 = np.round(train_3,5)

train_3 = np.nan_to_num(train_3)

train_3[train_3 > inf] =0

train_3[train_3 < -inf] = 0

H oH HHH

# Official CONUS 2.0 MASK with lakes removed
Mask= gdal .Open(~“Mask.tif") .ReadAsArray()
ds=gdal .Open(“Mask.tif")

Mask = np.round(Mask,5)

Mask = np.nan_to_num(Mask)

Mask[Mask > inf] = O

Mask[Mask < -inf] = 0

set = [1,2,3,4,5,6,7,8,9]
for 1 In set:
# reading in file to be interpolated
i = str(i)
name = “"test K case "+i+"_tif"
Name = "K _case "+i+"_tif"
data = gdal .Open(name) .ReadAsArray()
data = np.round(data,b5)
data = np.nan_to_num(data)

data[data > inf] = 0
data[data< -inf] = 0
# data[data > -2.5563] = 0O

# creating mask; learning is done where data is available
mask _data = np.logical_and(data = 0, Mask == 1)

# analyzing the masked data

big X = np.hstack([train_2[mask_data].reshape(-
1,1),train_1]mask_data].reshape(-1,1)]) -astype(np.float32)

big Y = data[mask_data].astype(np.float32)

# training the 2nd-order model and then interpolating
erroneous or missing data

order = 1

model = make_pipeline(PolynomialFeatures(order), Ridge())

model . Fit(big_X,big_ Y)

loss_data = np.logical_and( data==0, Mask==1)

forecast X = np.hstack([train_2[loss_data].-reshape(-
1,1),train_1Jloss_data].reshape(-1,1)]) -astype(np.float32)

final _Y = model.predict(forecast_X)
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data_copy = data.copy()
data_copy[loss_data]=final_Y

data_copy = data_copy*Mask
data_copy|[data_copy == 0] = -99
createTif(Name,data_copy,ds.GetGeoTransform(),

ds.GetProjection())

# reading fTirst training dataset

train_1= gdal.Open(~final_PME_1km.tif")_.ReadAsArray()
train_1 = np.round(train_1,5)

train_1l = np.nan_to_num(train_1)

train_1[train_1 > inf] =0

train_1[train_1 < -inf] = 0

# reading second training dataset

train_2 = gdal .Open("CONUS_DEM_1km.tif")_.ReadAsArray()
train_2 = np.round(train_2,5)

train_2 = np.nan_to_num(train_2)

train_2[train_2 > inf] =0

train_2[train_2 < -inf] = 0

# drainage density is only used to determine where interpolation
should be done

train_3 = gdal.Open(“drainage_density.tif")._ReadAsArray()
train_3 = np.round(train_3,5)

train_3 = np.nan_to_num(train_3)

train_3[train_3 > inf] =0

train_3[train_3 < -inf] = 0

# drainage density is only used to determine where
nterpolation should be done

train_4 = gdal.Open("flow_length.tif")_ReadAsArray()
train_4 = np.round(train_4,5)

train_4 = np.nan_to_num(train_4)

train_4[train_4 > inf] =0

train_4[train_4 < -inf] = 0

HHFHHF=-FHHHFHHFHH

# Official CONUS 2.0 MASK with lakes removed
Mask= gdal .Open(~“Mask.tif") .ReadAsArray()
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ds=gdal .Open(“Mask.tif")
Mask = np.round(Mask,5)
Mask = np.nan_to_num(Mask)
Mask[Mask > inf] = 0
Mask[Mask < -inf] = 0

set [1,2,3]

in set:

# reading in file to be interpolated
i = str(i)

name "test T case "+i+"_tif"

Name "T _case_"+i+"_.tif"

data = gdal .Open(name) .ReadAsArray()
data = np.round(data,b5)

data = np.nan_to_num(data)

data[data > inf] = 0

data[data< -inf] = 0

# data[data > -2.5563] = O

# data[train_ 4 <40 ] =0

# data[train_3 <= 0.0005] = O

for

# creating mask; learning is done where data is available
mask _data = np.logical_and(data = 0, Mask == 1)

# analyzing the masked data

big X = np.hstack([train_2[mask_data].-reshape(-
1,1),train_1]mask_data].reshape(-1,1)]) -astype(np.float32)

big Y = data[mask_data].astype(np.float32)

# training the 2nd-order model and then interpolating
erroneous or missing data

order = 1

model = make_pipeline(PolynomialFeatures(order), Ridge())

model . Fit(big_X,big_ Y)

loss_data = np.logical_and( data==0, Mask== 1)

forecast_X = np.hstack([train_2[loss_data].reshape(-
1,1),train_1Jloss_data].reshape(-1,1)]) -astype(np.float32)

final _Y = model.predict(forecast_X)

data_copy = data.copy()

data_copy[loss_data]=final_Y

data_copy = data_copy*Mask

data_copy|[data_copy == 0] = -99

createTif(Name,data_copy,ds.GetGeoTransform(),

ds.GetProjection()
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Figure A20. Permission for Figure 3.3 is included in supplemental file GSA_Copyright Info.pdf.
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