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Abstract

Subsurface water is liquid water found below the ground surface, including soil
water above the water table and ground water below the water table, but does not
include water chemically bound to minerals or organic matter. Two important
contents of subsurface water in Oklahoma have aroused the interest of more and more
scientists: the wastewater injected into the ground during the oil and gas production
and the surface soil moisture. This dissertation aims to develop contributions to two
important topics for the sustainability of Oklahoma that are related to earthquakes
and water resources: (1) the effects of deep underground waste-water injection on
triggering regional seismicity and (2) the quantification of state-wide shallow-soil
water content as a new tool for multiple applications in reservoir management, water
resources, agriculture, natural hazards, and water management. The results of this
study could help in setting sustainable limits for the oil and gas extraction industry
in order to minimize the expected number and magnitude of induced quakes, thus
avoiding future human and property losses. The results of this study also provide a
new perspective for comparatively assessing multi-source soil moisture products, as
well as a basis for objective data merging to capitalize on the strengths of multi-
sensor multiplatform soil moisture products. Moreover, the new merged soil
moisture product will be beneficial for multiple applications in water resources

management, agriculture, and natural hazards.
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Chapter 1 Introduction

1.1 Background

Subsurface water is liquid water found below the ground surface, including soil water above
the water table and ground water below the water table, but does not include water chemically
bound to minerals or organic matter. Two important contents of subsurface water in Oklahoma
have aroused the interest of more and more scientists: the wastewater injected into the ground

during the oil and gas production and the surface soil moisture.

1.1.1 Underground Injection Control (UIC) Wells

Petroleum has been produced in Oklahoma for more than 100 years (Murray & Holland,
2014). In 2020, Oklahoma was the fourth-largest producer of crude oil and the fourth-largest
producer of marketed natural gas among the states (U.S. Energy Information Administration,
2021). The high oil and gas production caused a rapid increase in construction of underground
injection wells especially Class Il wells in Oklahoma.

An injection well is a devise used for placing fluids including water, wastewater, brine, or
water mixed with chemicals, into various underground formations such as sandstone, limestone,
or the soil layer (US EPA, 2015c). Underground fluid injection has been widely used in enhancing
the recovery of oil and disposing industrial waste since 1930s (National Research Council, 2013).
In 1974, the Safe Drinking Water Act (SDWA) was established to protect public drinking water
quality and supplies throughout the United States (US EPA, 2015a). The SDWA requires the U.
S. Environmental Protection Agency (EPA) to develop minimum requirements for injection

practices in order to protect underground sources of drinking water (USDW) from endangerment.



In accordance with the act, EPA established a national program- the Underground Injection
Control (UIC) program- to regulate the permitting, construction, operation, maintaining,
converting, plugging, or abandonment of injection wells (US EPA, 2015b).

The Underground Injection Control program categorizes injection wells into six classes (Class
I, 11, 11, 1V, V, and V1) based on the type, depth and potential endangerment on USDW of the
injection activity. Injection wells used exclusively to inject fluids in the U.S. petroleum industry
are defined as UIC Class 11 wells (US EPA, 2015b). The petroleum industry in the United States
operates approximately 180,000 Class Il wells that are mostly located in Texas, California,
Oklahoma and Kansas (National Research Council, 2013). Class Il wells are classified in three
types: disposal wells (wells used for injecting wastewater from hydraulic fracturing activities),
enhanced recovery wells (wells used for injecting fluids consisting of brine, freshwater, steam,
polymers, or carbon dioxide into oil-bearing formations to recover residual oil) and hydrocarbon
storage wells (wells used for injecting liquid hydrocarbons into underground formations) (US
EPA, 2015b). Disposal wells are designed to dispose of brines or wastewater produced in oil and
gas extraction activity. About 30,000 class Il disposal wells accounted for 20% of the total number
of Class Il wells in the United States (National Research Council, 2013). Enhanced recovery wells
are used to inject fluids consisting of brine, freshwater, or carbon dioxide into a reservoir to recover
great amounts of the original oil and gas. Approximately 110,000 of UIC Class Il wells are

enhanced oil recovery wells in the United States (Ellsworth, 2013).

1.1.2 Potential for Induced Seismicity from Fluid Injection
Shallow earthquakes result from a fault slip. The conditions leading to a seismic slip are

quantified by the Coulomb criterion in terms of 1=p (c-p), where the shear stress (1) equals the



frictional strength, which is the product of the coefficient of friction (u) and the effective stress (o-
p). According to the Coulomb criterion, decreasing the normal stress (o), increasing the pore
pressure (p), and/or increasing the shear stress (m) can trigger a seismic slip on a fault (National
Research Council, 2013). Fluid injection causes earthquakes through changing the stress on faults
to facilitate failure. Factors of injection processes and reservoir conditions are relevant when
accessing the risk and magnitude of induced seismicity. Factors of injection processes include
injection rate, injection depth, fluid volume, fluid pressure and fluid temperature. Reservoir
parameters include pore pressure, rock strength and conditions of pre-existing faults (Rubinstein
& Mahani, 2015; Shapiro & Dinske, 2009; Zoback, 2012). Unfortunately, many of these factors
are not easily or possible to quantify due to the limitation of geological knowledge and lack of
basic data related to fluid injection practices.

It is not easily to evaluate the association between injection wells and earthquakes based on
their spatial relation since the distance between seismicity and injection point can be more than 10
kilometers and the depth of seismicity can be much greater than injection depth (Rubinstein &
Mahani, 2015). For example, the seismicity at the Rocky Mountain Arsenal was more than 10
kilometers away from the injection point and of greater depth than the injection depth (Healy et
al., 1968; Hsieh & Bredehoeft, 1981). Some recent studies have argued that the distance between
induced seismicity and injection point could be more than 20 kilometers (Keranen et al., 2014).
Moreover, some induced seismicity may occur long after the injection activity begins. Therefore,
it is not easily or possible to determine whether the seismicity is caused by fluid injection or not.

Most injection wells cause microscale earthquakes. Only a few of these wells are suspected
of inducing felt earthquakes. For example, The My 3.9 earthquake on 31 December 2011 in

Youngstown, Ohio was concluded to have been induced by the fluid injection at a deep injection



well close to the pre-existing faults (Kim, 2013). The Mw 4.7 earthquake on 27 February 2011 in
central Arkansas occurred within 6 km of three waste disposal wells in use (Horton, 2012). The
Mw 5.7 earthquake on 6 November 2011 in Oklahoma appears to be relevant to wastewater
injection (Keranen et al., 2013). The thirteen earthquakes with My 4 in February 1996, at the Rocky
Mountain Arsenal northeast of Denver, Colorado were induced by a deep injection well (Hsieh &
Bredehoeft, 1981). More earthquakes may be induced by fluid injection, but only earthquakes with

large magnitude and sufficient geological and industrial data are included in current studies.

1.1.3 Earthquakes Induced by Fluid Injection in Oklahoma

Since 2008, seismicity in the central United States has rapidly increased, predominately within
regions of high unconventional oil and gas production states such as Oklahoma (Ellsworth, 2013).
Seismic swarms within Oklahoma have contributed a large portion of the recent central United
States seismicity. On 6 November 2011, an My 5.7 earthquake occurred in the Wilzetta oil field
near Prague, Oklahoma with complex Pennsylvanian-age Wilzetta fault system and two active
fluid injection wells. It is the second largest recorded earthquake in Oklahoma. The earthquake
destroyed 14 homes, injured 2 people, and caused damage to buildings and roads in the epicentral
region. On 3 September 2016, an earthquake with a Mw 5.8 occurred near the northern Oklahoma
town of Pawnee. It was the strongest earthquake on record to date.

A growing body of scientific research increasingly connects this upsurge in seismic activity
in Oklahoma with the recent boom in oil and gas production, specifically with the wastewater
injection volumes (IW) and their depth (Barbour et al., 2017; Chen et al., 2017; Hincks et al., 2018;
Holland, 2013; Hough & Page, 2015; Keranen et al., 2013, 2014; Walsh & Zoback, 2015). For

example, Norbeck and Rubinstein (2018) calibrated a reservoir model to calculate the hydrologic



conditions associated with the activity of 902 saltwater disposal wells into the Aurbuckle aquifer
using multiple geologic parameters within Oklahoma. Their results demonstrate that the recent
earthquake sequence in Oklahoma can be explained as a hydromechanical earthquake nucleation
response driven primarily by the injection history of saltwater disposal wells despite of the
heterogeneity and uncertainty existing in the model due to the wide spatial coverage of the study
area (Norbeck & Rubinstein, 2018). Langenbruch and Zoback (2016) calibrated a statistical model
that relates seismicity and injection by applying the Guttenberg—Richter Law depending on two
varying-in-time and space seismogenic parameters. Their results predict that earthquakes with
magnitude equal or greater than 3.0 in north-central Oklahoma should significantly decrease by
the end of 2016 and approach historic levels within a few years as a respond to the mandated
injection rate reduction. The authors also discussed that it will be interesting to analyze how the
model and their results fluctuate in different subregions of Oklahoma (Langenbruch & Zoback,
2016). In summary, despite recent contributions of robust, but parametrically uncertain, physically
based and hybrid (statistics and physics-based) models (Langenbruch et al., 2018; Langenbruch &
Zoback, 2016; Norbeck & Rubinstein, 2018; Pollyea et al., 2018), more work is needed to assess
the cumulative effects of underground injected water on triggering subsequent seismic activity and
to identify bivariate regional migration patterns that allow for establishing clear relations between

water injection and earthquake magnitude and number.

1.1.4 Significance of Soil Moisture within a Hydrological Cycle
Soil moisture is a critical component of the land surface hydrological model, as the unsaturated
zone partitions precipitation into soil moisture or overland flow, depending on soil texture,

saturation levels, vegetation and topography. Water that is captured in the unsaturated zone is then



available for evapotranspiration processes, which are accountable for returning up to 60% of
precipitation over land surfaces back into the atmosphere (Seneviratne et al., 2010). In addition,
soil moisture regulates the partitioning of incoming solar energy over land surfaces, as
evapotranspiration processes utilize more than half of the incoming solar energy (Trenberth et al.,
2009). The evapotranspiration of soil moisture then drives the interaction between soil moisture
and the atmosphere, resulting in the development of clouds, precipitation patterns and energy flux
(Findell & Eltahir, 2003; Pielke, 2001). At the field scale, accurate measurement of soil moisture
could benefit precision agriculture, especially precise irrigation and fertilization (Mohd Kassim et
al., 2014; Woodley, 2017). At larger spatial scales, accurate soil moisture measurements could
enhance capabilities in runoff and flood forecasting (Brocca et al., 2010; Crow et al., 2005),
drought monitoring and prediction (Gu et al., 2008; X. Zhang, Tang, et al., 2017), numerical
weather prediction (Capecchi & Brocca, 2014; Scipal et al., 2008), rainfall estimation (Brocca et

al., 2012; Crow et al., 2011) and landslide prediction (Crow et al., 2012; Ray et al., 2010).

1.1.5 In Situ Soil Moisture Measurements

Currently, soil moisture estimates can be obtained through three primary approaches: (1) in
situ measurements, (2) remote sensing observations, and (3) Land Surface Models (LSM). A
number of techniques have been developed to measure soil moisture with ground instruments,
which can be categorized into classical and modern techniques (S.u. et al., 2014). For example,
thermo-gravimetric (oven-drying) is a widely used classical soil moisture measurement technique
(Robock et al., 2000). The modern techniques include neutron scattering technique (Hollinger &
Isard, 1994), dielectric techniques (Selig & Mansukhani, 1975), soil resistivity sensor technique

(Samouélian et al., 2005), heat flux sensor technique (Valente et al., 2006), and optical techniques



(Sayde et al., 2010). With these techniques, spatially and temporally highly resolved measurements
of soil moisture can be obtained at the point scale. In-situ soil moisture measurement techniques
have the advantage of easy installation, high spatial and temporal resolutions, and the ability to
measure soil moisture at different depths (Peng et al., 2017). Therefore, these measurements are
normally recognized as the “ground truth” in validating and calibrating remote sensing and land
surface model-based soil moisture retrievals. However, since soil moisture variability generally
increases with extent scale (Famiglietti et al., 2008), these point measurements are not able to
provide spatial representativeness of neighboring areas over a range of scales (Crow et al., 2012;
Ochsner et al., 2019; Peng et al., 2017). Although previous studies have used geostatistical
techniques to extrapolate in-situ soil moisture measurements to larger scales, these methods are
usually complex, time-consuming, and depend on the availability of high-resolution auxiliary
variables, especially over land surfaces with high spatial heterogeneity (Kang et al., 2021; Ochsner

etal., 2019; Qinetal., 2013; Wang et al., 2015; Zhang et al., 2017).

1.1.6 Model-simulated Soil Moisture

Model-simulated soil moisture is another source of spatially continuous soil moisture. Land
surface models such as the Global Land Data Assimilation System (GLDAS; Rodell et al., 2004)
and North American Land Data Assimilation System (NLDAS; Mitchell et al., 2004) can provide
soil moisture estimates at various depths with high spatio-temporal resolution. Compared with in-
situ measurements, Chen et al. (2013) found that all four GLDAS LSMs systematically
underestimate the surface soil moisture in the Tibetan Plateau. Soil moisture simulations from
NLDAS phase 2 (NLDAS-2) are also found to have large biases when compared to in-situ

observations (Xia et al., 2014). Therefore, the reliability of model-simulated soil moisture varies



significantly from model to model, and over time and space. Models generally perform well in
representing the variations in soil moisture and soil moisture anomalies (Albergel et al., 2012;
Downer & Ogden, 2003; Meng & Quiring, 2008), but they tend to have large biases in simulating
the absolute volumetric water content of the soil (Bi et al., 2016; Xia et al., 2014). Moreover,
uncertainties due to model forcing, parameters, structure, and calibration affect the reliability of

these soil moisture estimates (Brocca et al., 2017).

1.1.7 Remotely Sensed Soil Moisture Estimations

Remote sensing soil moisture products from various sensors (e.g., microwave, optical and
thermal sensors) provide global-scale soil moisture measurements but with limited spatial and
temporal resolutions (Brocca et al., 2017). Microwave remote sensing techniques have gained
momentum over the past 20 years with their advantages in the retrieval of soil moisture (Mohanty
et al., 2017). These techniques can be categorized into two groups: active and passive microwave
remote sensing. Active microwave sensors generate a series of microwave pulses which are sent
to the object they observe and then they receive radiation that is reflected or backscattered from
that object. Passive microwave sensors measure the thermal radiation emission from the land
surface instead of sending and receiving microwave pulses (Jackson et al., 1996). Active
microwave remote sensing measurements monitor soil moisture at spatial resolutions that range
from tens of meters to a few kilometers. However, their low temporal resolution due to narrow
operation swaths and long revisit time suppress their application in global soil moisture
measurements. Passive microwave remote sensing measurements have higher temporal resolution,
but also have much more coarse satellite footprints than that of active remote sensing systems.

Therefore, it is difficult to use in-situ networks to validate satellite-based estimates due to the scale



mismatch between the two. In addition, all microwave remote sensing soil moisture measurements
using C, X and L bands only measure soil moisture in the top five cm (or less) of the soil under
low to moderate vegetation cover condition (Entekhabi et al., 2014).
1.1.8 Soil Moisture Measurements in Oklahoma

There are several large-scale soil moisture networks designed for monitoring soil moisture at
large spatio-temporal scales operating within the United States, including the various state
Mesonets, the Atmospheric Radiation Measurement Southern Great Plains site (ARM-SGP), and
the Soil Climate Analysis Network (Crow et al., 2012). Established in January 1994, the Oklahoma
Mesonet is a multipurpose network operating more than 110 automated stations with at least one
station in each of Oklahoma’s 77 counties (Brock et al., 1995; McPherson et al., 2007). Quality-
assured data including temperature, humidity, solar radiation, wind speed and direction, and soil
moisture are available through an operations center located at the Oklahoma Climatological Survey
(OCS). Soil moisture data are collected every 30 min by soil moisture sensors at each site at four
different depths (5, 25, 60, and 75 cm below the surface) (lllston et al., 2008). The Oklahoma
Mesonet has been widely used for validating and calibrating remote sensing and land surface model-
based soil moisture retrievals (Ford & Quiring, 2019; Gao et al., 2006; Swenson et al., 2008; Xia
et al., 2014; Xu et al., 2021). However, since soil moisture variability generally increases with
extent scale (Famiglietti et al., 2008), these point measurements are not able to provide spatial
representativeness of neighboring areas over a range of scales (Crow et al., 2012; Ochsner et al.,
2019; Peng et al., 2017). Land surface models and remote sensing techniques can provide soil
moisture estimates at large scales. For example, the Noah model of NLDAS-2 provides hourly soil
moisture fields at 1/8° resolution from 1979 to present at four soil layers: 0-10, 10-40, 40-100,

and 100-200 cm (Xia et al., 2014). SMOS and SMAP, which have spatial resolution of roughly



25-40 km, can provide large-scale spatial patterns in surface soil moisture with extents >100 km
(Mohanty et al., 2017; Ochsner et al., 2019). However, the reliability of these soil moisture
products varies significantly from one to one, and over time and space (Brocca et al., 2017). In
summary, each source of soil moisture observations has its strengths and weaknesses. However,
none of them, at least by themselves, are adequate for providing accurate soil moisture data at high
temporal and spatial resolutions. Therefore, it is vital and useful to combine these three
independent data sources to capitalize on the strengths of each and to generate an optimal soil
moisture product to facilitate real-world applications after comprehensive evaluation of their

accuracy and error characteristics.

1.2 Research Goal and Objectives

This dissertation aims to develop contributions to two important topics for the sustainability
of Oklahoma that are related to earthquakes and water resources: (1) the effects of deep
underground waste-water injection on triggering regional seismicity and (2) the quantification of
state-wide shallow-soil water content as a new tool for multiple applications in reservoir
management, water resources, agriculture, natural hazards, and water management. To achieve

this goal, three main tasks will be undertaken:
1. Performing a spatiotemporal analysis of the recent seismicity and industry-related
wastewater injection activity in Oklahoma and develop a parsimonious predictive tool
to estimate the lagged effect of previous month’s injection volumes on subsequent

regional seismic activity.
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2. Conducting a cross-evaluation of three independently soil moisture products, as
estimated from in-situ, satellite, and modeling methods over Oklahoma and over
various land cover types.

3. Proposing an operational method for large-scale soil moisture mapping by blending
in-situ, modeled and remote sensing data.

Obijective 1 will provide an assessment of the regional collocation of wastewater injection
activity and number/magnitude of earthquakes and their spatial association. Then, it explores the
temporal correlations between wastewater injection volumes and number of earthquakes to
develop a predictive model which will be evaluated in terms of observations and two recently
published models. The results of this effort could help setting sustainable limits for the oil and gas
extraction industry in order to minimize the expected number and magnitude of induced quakes,
thus avoiding future human and property losses.

Obijective 2 will consist of a comprehensive assessment of the Satellite SMAP_L3 (SMAP),
Land Surface NOAH Model (Noah), and the interpolated Mesonet soil moisture (Mesonet)
products across the State of Oklahoma at daily and seasonal timescales using the triple collocation
method evaluated over different land cover types. The results of this objective are expected to
provide not only a new perspective for comparatively assessing multi-source soil moisture
products but also a basis for objective data merging to capitalize the strengths of multi-sensor
multiplatform soil moisture products.

The effort of objective 3 adopts the TC based least square weighting method to merge the
Satellite SMAP_L3, Land Surface NOAH Model, and the interpolated Mesonet soil moisture
products across the State of Oklahoma and compare the merged product with equal weights

merging product and SMAP L4 soil moisture product using the Automated Soil Moisture Mapping
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System. The results of this objective will be beneficial for multiple applications in water resources

management, agriculture and natural hazards.

1.3 Organization of Dissertation
This dissertation is organized into five chapters. Chapter 1 gives an introduction and lays out
the research objectives. Chapters 2, 3 and 4 are dedicated to the three objectives outlined in section
1.3. These three chapters are written and formatted as stand-alone journal manuscripts, and each
has its own introduction, data, methods, discussion and conclusion sections. Chapter 5 summarizes
the results from all objectives and provides conclusions and a discussion of future research.
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Chapter 2 Spatiotemporal Assessment of Induced Seismicity in Oklahoma:

Foreseeable Fewer Earthquakes for Sustainable Oil and Gas Extraction?

Abstract

In this study we present a spatiotemporal analysis of the recent seismicity and industry-related
wastewater injection activity in Oklahoma. A predictive tool was developed to estimate the lagged
effect of previous month’s injection volumes on subsequent regional seismic activity. Results
support the hypothesis that the recent boom in unconventional oil and gas production and either
the mitigation policies or the drop in oil prices (or both) are potentially responsible for the upsurge
and reduction in the state’s seismic activity between 2006—2015 and 2016-2017, respectively. A
cluster analysis reveals a synchronous migration pattern between earthquake occurrences and
saltwater injection with a predominant northwest direction during 2006 through 2017. A lagged
cross-correlation analysis allows extracting a power law between expected number of quakes and
weighted average monthly injection volumes with a coefficient of determination of R? = 0.77.
Such a relation could be used to establish sustainable water injection limits aiming to minimize
seismicity to values comparable with several historically representative averages. Results from
these analyses coincide with previously found sustainable limits of 5 to 6 million m3/month but
expand to operations that could attain the same number through differential monthly planning.

Findings could potentially be used for model intercomparison and regulation policies.

2.1 Introduction
Prior to the year 2000, the United States had an average of 21 earthquakes each year with
magnitude 3.0 (i.e., M,, 3.0) or greater; however, since the start of 2010, more than 300

earthquakes of equal or greater magnitude occurred in three years (Ellsworth, 2013). In the U.S.
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Great Plains region, the rate of increase has been mostly attributed to excessive volumes of
wastewater injection due to the unprecedented activity of the oil and gas industry (Ellsworth, 2013;
Frohlich et al., 2011; Horton, 2012; Keranen et al., 2014; Kim, 2013; Llenos & Michael, 2013;
Van der Elst et al., 2013; Weingarten et al., 2015). For example, the M,, 3.9 earthquake on 31
December 2011 in Youngstown, Ohio was concluded to be induced by the fluid injection at a deep-
injection well close to pre-existing faults (Kim, 2013). The M,, 4.7 earthquake on 27 February
2011 in central Arkansas occurred within 6 km of three wastewater disposal wells in use (Horton,
2012). The 2008-2009 sequence of earthquakes with M,, smaller than 3.3 at the Dallas/Fort Worth
Airport area were potentially induced by brine disposal associated with the production of natural
gas (Frohlich et al., 2011). The M,, 5.7 and 5.8 earthquakes in 2011 and 2016 in Oklahoma appear
to be relevant to wastewater injection (Barbour et al., 2017; Keranen et al., 2013). However, to
conclusively determine the degree of association between wastewater injection and earthquakes
remains a challenging task doe to the research limitations in data availability and regionally
appropriate seismic models.

Both earthquakes’ regional number and magnitude have increased during the previous decade
and seismic events have become more common within the state of Oklahoma, including recorded
earthquakes with M,, 3.0 or greater. Keranen et al. (2014) noted that the total number of
earthquakes in Oklahoma between 2008 and 2013 (i.e., 6 years) was four times those occurred
from 1976 to 2007 (i.e., 31 years). Additionally, between 1974 and 2008, Oklahoma had an
average of one earthquake with M,,, > 3.0 each year. Comparatively, during 2013 and 2014, the
state had more than 100 M,, > 3.0 quake events per year (Walsh & Zoback, 2015). On 3
September 2016, an earthquake with a M,, 5.8 occurred near the northern Oklahoma town of

Pawnee. It was the strongest earthquake on record to date in that location. As an immediate
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response, the Oklahoma Corporation Commission (OCC) ordered the shutdown of 37 disposal
wells to within an area of 1878 km? around the epicenter. OCC has also taken many other actions
in response to recent earthquakes, including a disposal volume reduction plan (Oklahoma
Corporation Commission, 2017).

A growing body of scientific research increasingly connects this upsurge in seismic activity
in Oklahoma with the recent boom in oil and gas production, specifically with the wastewater
injection volumes (IW) and their depth (Barbour et al., 2017; Chen et al., 2017; Hincks et al., 2018;
Holland, 2013; Hough & Page, 2015; Keranen et al., 2013, 2014; Walsh & Zoback, 2015). Norbeck
and Rubinstein (2018) calibrated a reservoir model to calculate the hydrologic conditions
associated with the activity of 902 saltwater disposal wells into the Aurbuckle aquifer using
multiple geology parameters within Oklahoma. Langenbruch and Zoback (2016) calibrated
statistical model that relates seismicity and injection by applying the Guttenberg—Richter Law
depending on two varying-in-time and space seismogenic parameters. Despite recent contributions
of robust, but parametrically uncertain, physically based and hybrid (statistics and physics-based)
models (Langenbruch et al., 2018; Langenbruch & Zoback, 2016; Norbeck & Rubinstein, 2018;
Pollyea et al., 2018), more work is needed to assess the cumulative effects of underground injected
water on triggering subsequent seismic activity and to identify bivariate regional migration
patterns that allow for establishing clear relations between water injection and earthquake
magnitude and number. This study has gathered exhaustive datasets pertaining to underground
injection control (UIC) wells from OCC and the earthquake catalogue data from Oklahoma
Geological Survey (OGS) from 2006 to 2017. The main findings of this chapter could help to set
sustainable limits for oil and gas extraction industry by minimizing the expected number and

magnitude of induced quakes, thus avoiding future human and property losses.
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This chapter first provides a description of the data sources and magnitude of completeness to
then develop spatiotemporal relations of the wastewater injection and seismic activity in Oklahoma
during 2006-2017. Subsequently, it provides an assessment of the regional collocation of
wastewater injection activity and number/magnitude of earthquakes and their spatial association.
Then, it explores the temporal correlations between wastewater injection volumes and number of
earthquakes to develop a two-parameter predictive power law. Model results are evaluated in terms
of observations and two recently published models. A discussion section describes the potential
uses and limitations of the achieved results. Lastly, conclusions summarize the main findings of

this chapter.

2.2 Data Sources

Wastewater injection volumes (IW) and site location data were obtained from the OCC
website  http://www.occeweb.com/OG/ogdatafiles2.htm in September 2018 (Oklahoma
Corporation Commission, 2018) for the calendar years 2006 to 2017. Class Il injection and
saltwater disposal (SWD) volume data sets were manually inspected to remove incomplete or
duplicate records, as well as records without geolocation. IW data of SWD wells are available
annually from 2006 to 2010, and monthly from 2011 to 2017. Since Osage County, in northeast
Oklahoma is regulated by the Environmental Protection Agency (EPA) we could not include all
active injection wells to date as these data were not publicly available. However, we obtained
information from 10 active injection wells, within Osage, from Barbour et al (2017).

The Oklahoma earthquake database was downloaded from the OGS website
http://www.ou.edu/content/ogs/research/earthquakes/catalogs.html (Oklahoma  Geological

Survey, 2018). Daily datasets, including epicenter location, depth and magnitude (i.e., M;, M,,,
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my, and M,) are available between 1882 to present. In the interest of revealing spatiotemporal
patterns of near-recent seismic activity in Oklahoma, only earthquakes occurred after January 2006

are studied in detail.

2.3 Earthquake Unit Homogenization and Data Completeness
2.3.1 Magnitude Unit Homogenization

The type and accuracy of the earthquake recording devices have changed with time. For the
most recent decades, despite the instruments remaining the same, the seismic magnitude units vary
according to the maximum motion recorded by a seismograph in (1) local magnitude (M,) also
known as Richter magnitude, (2) duration magnitude (M), (3) body-wave magnitude (m;) and
(4) moment magnitude (M,,). The number of earthquakes which occurred between January 2006
and December 2017 is given in Table 2.1 showing the different magnitude units. Nonetheless,
many earthquakes were simultaneously recorded in different scales which facilitate their unit
homogenization. As the majority of seismic events are reported in M, scale, all other units are
converted to M; to reduce data uncertainty introduced during this conversion. To do so, two
empirical magnitude conversion relations are derived for those events with significant number of
data pairs (i.e., [M;, m;] and [M,, M,,]). Since [My, M;] had zero pairs, a previously derived
expression is applied (Brumbaugh, 1989) for such a conversion. Scatterplots with the event
magnitude pairs, fitted, and 95% confidence envelopes are shown in Figure 2.1. The derived and
used statistical regressions, sample size, cross-correlation coefficients and author are shown in

Table 2.2.
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Table 2.1. Number of earthquakes in different magnitude units during 2006-2017 in

Oklahoma.

Magnitude Type

Number of Earthquakes

Duration Magnitude (M)
Body-wave Magnitude (mp)
Local Magnitude (M)

Moment Magnitude (M,,)

1763
364
25,956

438

Table 2.2. Mathematical regressions adopted and derived to homogenize M4, m;, and M, seismic

magnitudes to local (Richter) magnitude, M, .

Expression Sample Size R? Reference
M, =0.936M, — 0.16 17 0.95 (Brumbaugh, 1989)
M; =0.85my; + 0.52 252 0.84 (Hong et al., 2018)
M; =0.96M,, + 0.35 440 0.81 (Hong et al., 2018)
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Figure 2.1. Linear regression plots for (a) M vs. my, and (b) M, vs. M,, for all seismic events
occurred in Oklahoma between January 2006 and December 2017. Conversion equations are
shown in Table 2.2.
2.3.2 Earthquake Magnitude of Completeness

After unit homogenization, the magnitude of all recorded earthquake events in the Oklahoma
earthquake catalog for the period between 2006 and 2017 ranged from 0.1 M; to 5.9 M;. The
magnitude of completeness (M) is the minimum magnitude above which earthquakes within a
certain region are reliably recorded. Defining M, is necessary due to the complexity, spatial and
temporal heterogeneity of seismometer networks, and time series records (Habermann, 1991;
Woessner & Wiemer, 2005). To assess M. for our earthquake dataset, a frequency-magnitude
distribution (FMD) plot was created for the entire dataset (see Figure 2.2) based on the entire
magnitude range (EMR) method proposed by Woessner and Wiemer (2005). Their method
estimates the FMD based on the Gutenberg-Richter law (Gutenberg & Richter, 1944). For the data
with magnitude below the assumed Mc, EMR uses a normal cumulative distribution function
(Woessner & Wiemer, 2005). Woessner and Wiemer (2005) compared the EMR method with other

three including maximum curvature-method (MAXC; (Wiemer & Wyss, 2000)), goodness-of-fit
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test (GFT; (Wiemer & Wyss, 2000)), and Mc by b-value stability (MBS; (Cao & Gao, 2002)), and
they concluded that EMR is the most favorable model to calculate Mc (Woessner & Wiemer,
2005). The FMD curve indicates a data-based suggested value of M, = 2.6 which will be used as

minimum trustable M, for the subsequent analyses (Woessner & Wiemer, 2005).
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Figure 2.2. Cumulative and noncumulative frequency-magnitude distributions on logarithmic
scale with the black line indicating magnitude of completeness (M) for time series during 2006—
2017.

2.4 Interannual Seismicity and Wastewater Injection Activity in Oklahoma
According to the Oklahoma Geological Survey, the earliest recorded earthquake in the state

occurred on 22 October 1882 with a M; 5.0 (Oklahoma Geological Survey 2017). From 1882 to
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2002, (120 years) Oklahoma had a total of 186 earthquakes with M; > M., for an average of 1.55
earthquakes per year (Oklahoma Geological Survey 2017). Figures 2.3a,b shows the recent history
of earthquake events (bars, N(M,)) in Oklahoma from 2000 to 2017 with M; > M, and discretized
by M; category. Comparatively to its precedent years, the number of seismic events per year with
M,; > M, increased to 4.9 from 2003 to 2008 (39 in total; see Figure 2.3a). However, 2009 appears
as a benchmark year that marks a significant increase relative to historic means (see Figure 2.3b).
Between 2009 and 2017, the state had averaged 730 earthquakes per year (6570 total), which is
more than four hundred times (i.e., 471) the historic average up to year 2002. Since “felt
earthquakes” usually refer to those with 3 < M,, < 5 (National Research Council 2013), Figure
3b also depicts N(M;) per M, category with M, < M; <3,3 <M, <4and4<M; <5in
Oklahoma from 2000 to 2017. A peak in seismicity occurred in 2015 with 2560 events, followed
by a steady decrease to 786 in 2017. This trend is replicated by each of the categories in Figure 3b
(e.g., M., 3 and 4), except by the M; > 5 whose peak occurred in 2016. The total number of
“damaging earthquakes”, which are those with M; > 5, also increased after 2009 as shown in

Figure 2.3b.
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Figure 2.3. (a) Time series of total annual number of earthquakes (N(M)) with M; > M (red
bars) and oil/gas industry-related injected volumes of wastewater (IW) in million cubic meters
(white triangles) in Oklahoma from 2000 to 2017. (b) Time series of total annual number of
earthquakes (N(M)) with M; > M per magnitude range between 2000 and 2017 and oil/gas
industry-related volumes of wastewater injected (IW) between 2006 and 2017 in Oklahoma. Note
the log scale for N(M) in (b).

Crude oil and natural gas have been extracted from Oklahoma’s underground for more than
100 years (Murray & Holland, 2014). Between 2010 and 2012 Oklahoma was ranked as the 5th
highest producing U.S. state (Murray & Holland, 2014). The high oil and gas production rates have
caused a rapid increase in construction of underground injection Class Il (UIC) wells, widely used
to enhance the recovery of oil (EOR; Enhanced Oil Recovery wells) and disposing of industrial

wastewater (SWD) since the 1930s (Council, 2013). Figure 2.3 shows IW (in 10m3 /year) from

OCC UIC Class Il wells reports that begin in 2006 to near present. From 2006 to 2012 the volume
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of injected water ranged around 150 x 10°m3/year. However, starting in 2012 a rapid increase
in IW volumes is observed that peak in 2014 and 2015, followed by a sharp decline in 2016 and
2017 when the IW gets back to a number around the 2006-2012 average of 150 x 10°m3/year.
A paired time series analysis of the coupled IW and N(M,) reveals that both variables have shown
a similar trend since the start of the unconventional use of injected water to retrieve oil and gas.
Regionally, the spatial distributions of earthquakes that occurred in Oklahoma between 2006
and 2017 with M; > M, and the corresponding location of wastewater disposal wells operated
during the most active year (i.e., 2014) are illustrated in Figure 2.4. In both figure panels, the
different symbol sizes represent different categories of M; and IW. The spatial distribution of the
two variables resembles a spatially correlated structure whose dependency functions need to be
determined for different time lags. Further, during this period (2006-2017) most earthquakes
occurred in central and northern Oklahoma while the largest magnitude ones occurred in the central
region of the state. Historically, the largest IW volumes occurred mainly in central and northern
Oklahoma. In counties like Osage, seismicity appears to be low possibly due to the dense rock
bodies that reduce seismogenic potential for basement faults (Crain et al., 2017; Shah & Keller,

2017).
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Figure 2.4. (a) Spatial distribution of earthquakes with M; > M, occurred in Oklahoma from
2006 to 2017; (b) Spatial distribution of wastewater disposal wells with corresponding IW volume

(m3/year) operated in 2014.
2.5 Regional Migration Pattern of Epicenters and Wastewater Injection Activity

Since the spatial distribution of earthquakes appears to be highly conditioned by the zonal
intensity of underground water injection, as shown in Figure 2.4, a cluster analysis can provide a
clearer picture of the spatial co-variance between the two processes in play. Figure 2.5a shows the
spatial distribution of weighted mean centers and standard deviational ellipses of all recorded
Oklahoma earthquake epicenters occurred during each year from 2006 through 2017. A weighted

mean center (X, Y;) inany year (T) is the representative geographic location of all epicenters (X,
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Y;) adjusted for the local magnitude M, associated with each earthquake (i) acting as weighting

factors (w;) as shown in Equation (2.1) (Burt et al., 2009).
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Figure 2.5. (a) Earthquake-clustering occurrence by year. Epicenter weighted mean centers
(triangles) and standard deviation ellipses of all recorded earthquakes occurred in Oklahoma
between 2006 and 2017; (b) Wastewater injection volume weighted mean centers (triangles) and
standard deviation ellipses in Oklahoma between 2006 and 2017. The colors in both panels match
for the same years, except by 2013 whose dashed lines are intended to improve result visualization.
Coordinates of mean weighted centers are computed using Equation (2.1).
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Where w; is the M, for each earthquake event (i) in a particular year T. Following equation
(2.1), weighted mean centers of all earthquakes occurring in a particular year T would be closer to
epicenters with the largest M, during that year. The major and minor axes of these weighted
standard deviation ellipses are calculated as the second moment of the x- and y-coordinates
distribution from each weighted mean center (Zoback, 2012). This approach, illustrated by Figure
2.5a, shows a generalized northwest seismic migration pattern from 2006 through 2017.
Correspondingly, Figure 2.5b illustrates the weighted mean centers and standard deviation ellipses
of wastewater disposal wells in each year from 2006 through 2017. Analogously to epicenters,
wastewater injection locations are weighted by the volumetric magnitude of the annual injection
volumes associated with each well. Thus, the weighted mean center of wastewater disposal wells
in a particular year would be geographically closer to wells with larger annual injection volumes,
reflecting the regional trend of well activity in that specific year. In summary, both unconventional
oil and gas extraction and earthquake count show a northwest migration pattern from 2006 to 2017.
To recognize year to year migration patterns, Figure 2.6 shows trends as indicated by vectors
whose length is proportional to the average migration distance between consecutive years. The
diagram shows some years when both processes migrated similar distances in similar directions,
particularly 2007-2008 (~33 to 35 km SE), 2009-2010 (10 to 20 km NNE), 2012-2013 (~43 km
SSE), 20142015 (~9 to 22 km SE) and 20162017 (7 to 15 km W). In other cases, the two vectors
show an angular distance greater than 90 degrees such as 2006-2007, 2010-2011 (N-E quadrant),
2011-2012 (mostly E quadrants), 2015-2016 (mostly S quadrants). The large disparity in distances
in 2006-2007, 2011-2012 and 2013, 2014 may be because injection operations moved quickly in
the last months of the last year and earthquake count (since it has a lagged response) did not

immediately showed the expected pattern of migration. Overall, regional migration patterns seem
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to correspond to one another evidencing a zonal effect of the unconventional oil and gas industry

on the number of regional earthquake count.
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Figure 2.6. Yearly migration patterns between earthquakes weighted epicenters and wastewater
injection activity in Oklahoma since 2006. Red and blue lines mean the average displacement of
mean weighted centers of wastewater injection and earthquakes between consecutive years. The
average displacement distance is also indicated within each compass diagram.
2.6 A Parsimonious Model of Seismicity.

With the objective of proposing a (single-variable) parsimonious regional predictive model
between cumulative wastewater injection (IW) and earthquake count (N), patterns of lagged

seismic responses to cumulative injected water during the 2006 to 2017 period in Oklahoma are

explored. A cross-correlation analysis is carried to determine the temporal lags (i) which may be
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associated with the number of expected earthquakes in a particular month t (N,) as a function of
IW,_; for i = 0, 1, 2, etc, months. This time delay can be physically expressed as the time the
pressure increase takes to propagate from the injection wells to critically stressed faults in the
crystalline basement (Chen et al., 2017; Langenbruch & Zoback, 2016). The cross-correlogram
illustrated in Figure 2.7a reveals that lags i = 0 through —25 before the seismic events appear to
mostly contribute to the bivariate co-dependence between IW (predictor) and N (predictand).
Figure 2.7b quantifies the contribution of each lag i to the total correlation structure above the
Pearson correlation coefficient significance threshold. According to the correlations for lags 0 to
25 months, we extract weight coefficients (w;) for each lagged contribution to express [W as a
function of IW;_; (1=0, 1, 2..., 25 months) as shown in Equation (2.2):

W = Y25 widW,_; = wolW, + wiIW,_qy + WolWi_y + -+ WosIW,_ys (2.2)
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Figure 2.7. (a) Cross-correlation diagram between IW,_; and N, for different lags of IW (e.g., i
=0, 1, 2, 3..., n months). Negative numbers mean that IW precedes N,. (b) Contribution (w;) of

each lag i to the prediction of the total of number of earthquakes in a particular month t (N), to be
applied to the predictors in Equation (2).

Figure 2.7b shows that lags 0 to 10 will be responsible for 50% of the variability in I in

Equation (2.2), confirming that the number of earthquakes in a particular month is the result of the
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pressure buildup due to previous-months water injection activity. According to the correlation
structure derived, we fitted a mathematical power-law relating W (m®/month) to N, for all
M; = M (see Equation 2.3). Figure 8 illustrates such a fitted relation applied to the logarithms of
the monthly values since 2011 (complete data pairs).

N, = 3.2099 x 10661489 (2.3)
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Figure 2.8. Regional induced-earthquake count N, (M, > M) and IW estimator calibrated
between years 2006 and 2017 in the state of Oklahoma. The power law explains 77% of the
bivariate behavior of monthly injection and earthquakes number. Upper and lower dashed lines
representing standard errors of estimates have been added to the mean predicted values.

We found that a power law of this type retrieves the highest coefficient of determination and

explains 77% of the bivariate dependency between weighted cumulative regionally injected water
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and seismicity in north-central Oklahoma. Standard error lines also provide a statistical estimation
of the average error when using this relationship in a predictive manner. Figure 2.8 illustrates a
comparison between historical benchmark periods with distinct seismic (e.g., number of events)
activity in Oklahoma (see Section 2.4; Oklahoma Geological Survey, 2017). By applying this
relationship to a scenario of hypothetical, constant-in-time injection rates, we can compare with
historic benchmarks and study possibilities for sustainable oil and gas extraction limits (see Table
2.3) in terms of the expected number of seismic events (i.e, N;). The term “sustainable limit” in
column 5 of Table 2.3 refers to potential maximum injection values per month that the Oklahoma
state regulation authorities (e.g., OCC and/or EPA) could consider for regulation of the oil and gas
industry. This by no means accounts for other influences on environmental issues like water or
energy consumption, groundwater, land or air pollution. In this table, it appears that constant and
continuous rates (i.e., IW,_;) of 5.6 million m3 /month (i=0, 1, 2, 3, etc) could reduce the number
of earthquakes to pre- year 2000 conditions to 1.55 earthquakes per year with magnitude M; >
M. However, one could also define other limits such as the mean water injection during the period
2003-2008 (6.8 million m3/month) as a sustainable limit, but at the expense of potential
additional seismic occurrences (5.1 events/year) similar to the beginning of the 2000 decade or
previous to the boom of oil and gas extraction (pre 2009-2015). An increase in
1 X 10® m3/month of injected water represents different changes in seismicity across the
spectrum of IW values with larger values triggering dramatic increases in seismic events, N;. As
an example, an increase of 1 million m3/month above 19 million m3/month (super-boom

scenario) would represent more than 1000 additional earthquakes (M, > M) per year.

Table 2.3. Predicting N, (number of earthquakes/year) in terms of hypothetical scenarios of
different weighted average ( TW; Equation (2)) or monthly constant IW in light of historical
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records and benchmark periods. Uncertainty interval estimates have been added to each
predicted N,. Historical benchmark periods have been extracted from section 4 this manuscript
for reasons of comparison.

w N, N, Interval Historical ~ Sustainable
(x 10° m®/month) (number/year) [min, max] Benchmark Limit?
(number/year) Period
1 3.5x107° 2.53 x 1075, - -
5.87 x 1075
3 0.03 0.02, 0.05 - -
5) 0.76 0.50, 1.17 - -
5.6 1.54 1.01, 2.34 1884-2002 Pre-2002
6.8 5.07 3.32,7.21 2003-2008 Pre oil and
gas boom

(2003-2008)

7 6.05 3.97,9.23 - -
9 28.4 18.6, 43.3 - -
11 97.5 64.0, 148.6 - -
13 272 179, 415 - -
15 657 431, 1001 - -
15.2 712 467, 1086 2009-2017  Peak Period
154 788 517, 1200 2017 Oil/gas price
fall/lOCC
regulation

40



17 1417 930, 2161 - -

18.7 2547 1671, 3882 2015 Peak year
19 2809 1843, 4281 - -
20 3851 2527, 5869 - -
21 5198 3411, 7922 - -
23 9095 5968, 13861 - -

2.7 Model Output Intercomparison
This section offers a model result intercomparison of our parsimonious approach with two
predictive models by Norbek and Rubinstein (2018) and Langenbruch and Zoback (2016). All
models use monthly injection rates as predictand and time series- derived or geology-inferred
parameters. For this intercomparison, we used the database published in Norbek and Rubinstein
(Norbeck & Rubinstein, 2018) on monthly injection rates, observed seismicity and model outputs
from the Hydromechanical (Norbeck & Rubinstein, 2018) and Seismogenic (Langenbruch &
Zoback, 2016) models. Since Norbek and Rubinstein (Norbeck & Rubinstein, 2018) used different
magnitude of completeness (M. = 3.0) and removed any instances of foreshocks and aftershocks
from the main events, the parsimonious model had to be re-calibrated. For an M, = 3 and
declustered database, Equation (2.4) represents the number of expected main shocks as a function
of the antecedent 25 months of wastewater injection (using Equation 2.2). Similar to Equation
(2.3), this model explains 75% of the seismic activity at a monthly time scale.
N, = 7.9630 x 10~3[W 34556 (2.4)
Figure 2.9 illustrates the results of such a model intercomparison considering monthly

injection rates between 2008 and 2018, including observed and predicted seismicity values from
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the three models. As noted by Norbeck and Rubisntein (Norbeck & Rubinstein, 2018) although
the hydromechanical model outputs seem to capture the general long-term trends, after year 2016,
the model overestimates seismic activity, showing some weakness in capturing sharp changes in
water injection. The seismogenic model seems to capture such short-term variability more
thoroughly but tends to under-predict in times of low water injection. The parsimonious model
proposed in this article seems to capture both low and high seismic activity but fails at capturing

short-term sharp variability in a similar fashion to the hydromechanical model.
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Figure 2.9. Model intercomparison experiment using the hydromechanical, seismogenic and
parsimonious models for retrospective simulations of seismicity in Oklahoma between 2008 and
2018 in light of observed (declustered) seismic events and monthly wastewater injection rates.
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2.8 Discussion
2.8.1 Acknowledging Methological Limitations

The results from this study need to be understood considering the data and methodology
limitations of our analyses. First, results mainly focus on statistical spatiotemporal relationships
between wastewater injection volumes and earthquakes number and magnitude. Second, since the
magnitude unit conversion (e.g., M,, to M,) procedure introduces a maximum uncertainty of 19%
(see Section 2.3.1 and Table 2.2) the location and size of the weighted mean centers and standard
deviation ellipses will have a maximum inherited error of 9.5%. Third, the analyses did not
consider other influences on earthquakes’ induction or generation mechanisms such as regional
rock fracturing or geologic structures that propagate or moderate seismic waves. Moreover, due to
the limited number of years with data (2006-2017), we do not know how the panoramic would
look like in the future in views of higher (or lower) levels of wastewater injection. Further we
recommend caution when planning to use the statistical relationships found here for future years
as the rock systems might not behave in a linear fashion since the increasing rock-fracturing
processes might propagate across larger regions, thus becoming a network of interconnected
faulted systems that might translate to widespread earthquakes swarms. Finally, the results
achieved in this study need to be further explored within different subregions to consider particular
geological heterogeneities that could result in potentially different behaviors than the ones shown

here.

2.8.2 Contributions to State-of-the-Art
The conducted spatiotemporal analyses and proposed parsimonious model represent a novel

contribution for prediction, model intercomparison and decision making. In terms of process
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understanding, the results from this chapter are clear to relate the geographic scope and lagged
dependency between wastewater injection volumes and earthquake count. Second, if used as
stated, they can help predict the number of earthquakes in a particular month in terms of the
antecedent monthly injection volumes. What we can define as sustainable extraction limit
(conditions pre year 2000) could be 5.6 million m3/month or any combination of values of IW
during the antecedent 25 months that allow obtaining around 1.5 earthquakes per year with M; >
M. . A similar number of 5 x 10° m3/month was also found by Langenbruch and Zoback
(Langenbruch & Zoback, 2016). However, these authors propose a steady injection condition per
month, but according to Equation (2) there could be other combinations of differential (seasonal)
injection that could lead to the same result of minimum earthquakes. Third, possibly the best utility
of the results of this chapter are their use as a tool for model intercomparison with current and
future models. For example, Pollyea et al. (Pollyea et al., 2018) developed a geospatial analysis of
the bivariate occurrence of earthquakes with the location of salt-water disposal wells. The results
shown here are similar to Pollyea et al. (2018) in that there is a general pattern of north-west
migration of both processes. However, one difference between these studies is that we obtained
the two-axis variability ellipses and weighted the well and epicenter locations by magnitude and
injection volumes, providing a more accurate description of their spatially correlated distribution.
We also provide year by year direction of migration and distance patterns. Results from the model
output intercomparison experiment show comparable capabilities of the Parsimonious (Hong et
al., 2018) and Hydromechanical (Norbeck & Rubinstein, 2018) models in the long-term with the
Parsimonious model representing better the recent decline in seismicity conditions. However, both
these models seem to have a weak performance at detecting rapid changes better captured by the

seismogenic model (Langenbruch & Zoback, 2016).
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2.8.3 Contributions to Sustainable Extraction and Decision Making: What are Sustainable
Limits?

Due to the earthquake upsurge since 2009, the Oklahoma Corporation Commission adopted a
“traffic light” system since 2013 in response to the concerns over underground fluid injection
induced ecarthquakes. In a “traffic light” system, if no underground fluid injection induced
earthquakes occur, operators could continue their injection activities at regulated rates under a
green light condition. Once an earthquake occurs, operators are under yellow light condition. They
should investigate the relationship between the earthquake and injection activities and reduce
injection rates. If an earthquake event induced by underground injection occurs and the triggered
seismicity cannot be stopped by reducing injection rates, operators are under a red light condition
and should be prepared to terminate injection activities (Oklahoma Corporation Commission,
2015; Pollyea et al., 2018; Zoback, 2012). The OCC yellow light permitting system requires
operators to monitor for background seismicity and shut down wells to record bottom hole pressure
every 60 days. The Oklahoma Corporation Commission has been evolving the “traffic light”
system applications based on updated research results and new data (Oklahoma Corporation
Commission, 2017). The slight decrease in earthquake occurrence in 2016 and 2017 (Figure 2.3)
has been attributed to these mitigation efforts. However, as noted by Pollyea et al. (2018), these
decreases could have also been the result of the dramatic drop in oil prices. The results presented
in this manuscript could be used as a cause-effect method whose results could be used to potentially
improve the current “traffic light” policy, and to inform legislators and decision makers by
providing sustainable limits for oil and gas extraction in order to minimize the expected number
and magnitude of subsequent quakes, thus avoiding future human and property losses. The

availability of more information for upcoming years will serve to provide robustness, not only to
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this, but to other current methods with the main purpose to raise conscience of the potential of

human-induced seismic activity and balance out gains for economy, environment and society.

2.9 Conclusions

This study has gathered comprehensive datasets of oil and gas industry-related wastewater
injection volumes and earthquake number with associated event magnitudes from 2006 to 2017
over Oklahoma. Data were analyzed to remove those seismic events below the threshold of
magnitude completeness. First, we explored the spatiotemporal variability of both processes and
conclude that a high correspondence between the two supports the hypothesis that the boom in oil
and gas production through unconventional methods with wastewater injection was potentially
responsible for the upsurge in the state’s seismic activity during 2006 through 2015. Also, a
reduction in the number of earthquakes per year in years 2016 and 2017, reflect either the
mitigation policies dictated by OCC or the drop in oil and gas prices, or both. Second, a cluster
analysis reveals a correlated migration pattern between earthquake occurrences and saltwater
injection activity. Following the migration of the weighted wastewater injection ellipses, weighed
epicenters show a predominant northwest direction pattern during the 2007-2017 period. Third, a
lagged cross-correlation analysis shows that the number of induced earthquakes in a subsequent
month is strongly associated with the previous 25-month cumulative wastewater injection volume
and a power law can be fitted between number of quakes and weighted average monthly injection
volumes as predictive tool with a coefficient of determination of R? = 0.77. Using such a relation,
several sustainable extraction limits are explored and compared with historic means. Results from
these analyses expand on previously sustainable limits of 5 to 6 million m3/month to potential

combinations that could result in the same number of earthquakes within the 25 previous months.
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A model intercomparison of our parsimonious model, a hydromechanical model, and a
seismogenic model reveals a satisfactory performance of the proposed approach and similitude to
the hydromechanical model outputs. Nonetheless, sharp changes in seismicity could only be more
appropriately represented by the seismogenic model. The approach proposed in this chapter could
potentially be regionalized according to the geology of each zone and results could potentially be
used as a tool for further model intercomparison experiments and decision making on spatially
varied permission distribution and regional industry development to minimize negative

consequences of induced earthquakes.
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Chapter 3 Cross-evaluation of Ground-based, Satellite and Land Surface
Model Soil Moisture Products through the Triple Collocation Method across

Oklahoma

Abstract

Improvements in the field of soil moisture observations and modeling play a vital role in
drought, water resources, flooding, and landslide management and predictability. Up to date soil
moisture estimates can be obtained through three primary approaches: (1) in situ measurements,
(2) remote sensing observations and (3) Land Surface Models (LSM). Each source of soil moisture
data has its strengths and weaknesses. However, all three main soil moisture measurements are
subject to representativeness inadequacies over various land cover types and correct interpretation
and application of their products requires an in-depth understanding of their accuracy. In this
chapter, we apply Triple Collocation (TC) analysis to three independent soil moisture products in
order to characterize their uncertainty structures. Oklahoma is an ideal domain to test the
hypotheses of this work due to the presence of marked west to east gradients in climate, vegetation,
and soils. The comparison and evaluation are conducted with daily data from 01 April 2015 to 01
July 2019 over seven land cover types. The three soil moisture products evaluated include:
microwave remotely sensed Soil Moisture Active Passive (SMAP) L3_SM_P_E (9 km, daily)
measurements, physically based land surface modeling soil moisture estimates
NLDAS_NOAHO0125 H (1/8°, hourly; Noah), and the in-situ soil moisture network of the
Oklahoma Mesonet (point, 30 minutes). Results indicate that in general, Mesonet is the most
reliable point product, reflecting the main spatiotemporal characteristics of soil moisture, while
SMAP has the lowest accuracy. The spatio-temporally integrated mean square errors (RMSE),

with respect to the unknown true soil moisture, of Mesonet, Noah, and SMAP are 0.054, 0.026,

51



and 0.107 m3/m3, respectively, while the overall Pearson correlation coefficients (CC) are 0.805,
0.747, and 0.314. Mesonet has the best performance in shrub/scrub, herbaceuous, hay/pasture,
and cultivated crops with an average correlation coefficient of 0.785. Noah achieves the best
performance in evergreen, mixed and deciduous forest, with an average correlation coefficient of
0.74. SMAP has the lowest correlation coefficient values on all seven land cover types, with an
average CC of 0.29. The study concludes that the TCA method provides not only a new perspective
for comparatively assessing multi-source soil moisture products but also a basis for objective data

merging to capitalize on the strengths of multi-sensor multiplatform soil moisture products.

3.1 Introduction

Soil moisture (SM) refers to the water held in the space between soil particles and is often
quantified as soil water content, the ratio of water to soil in volume or weight. This variable plays
a fundamental role in controlling the water, energy and biogeochemical cycles and is a
fundamental factor in sustaining and ending droughts (Seneviratne et al., 2010) but also for
triggering or enhancing floods and mass movements. While soil moisture only accounts for a very
small amount (approximately 0.05%) of the total quantity of water within the global hydrological
cycle, it plays a critical role in the climate system and the hydrological cycle (Dingman, 2015;
Seneviratne et al., 2010). At the field scale, accurate measurement of soil moisture could benefit
precision agriculture, especially precise irrigation and fertilization (Mohd Kassim et al., 2014;
Woodley, 2017). At larger spatial scales, accurate soil moisture measurements could enhance
capabilities in runoff and flood forecasting (Brocca et al., 2010; Crow et al., 2005), drought

monitoring and prediction (Gu et al., 2008; Zhang, et al., 2017), numerical weather prediction
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(Capecchi & Brocca, 2014; Scipal et al., 2008), rainfall estimation (Brocca et al., 2012; Crow et
al., 2011) and landslide prediction (Crow et al., 2012; Ray et al., 2010).

Currently, soil moisture estimates can be obtained through three primary approaches: (1) in
situ measurements, (2) remote sensing observations, and (3) Land Surface Models (LSM). In-situ
soil moisture monitoring networks are particularly important for validating and calibrating remote
sensing and land surface model-based soil moisture retrievals (Crow et al., 2012). For example,
soil moisture data from the Oklahoma Mesonet are widely used in land surface model validation
(Xiaetal., 2012, 2014; Xu et al., 2021), and soil moisture remote sensing validation (Crow et al.,
2012). Land surface models such as the Global Land Data Assimilation System (GLDAS) (Rodell
etal., 2004) and North American Land Data Assimilation System (NLDAS) (Mitchell et al., 2004)
can provide soil moisture estimates at various depths with high spatio-temporal resolution. Xia et
al., (2014) assessed daily and monthly simulation skills of four NLDAS-2 land surface models and
utilized 6-years (1 January 1997-31 December 2002) of daily soil moisture observed from 72 sites
over the Oklahoma Mesonet network to assess daily and monthly simulation skill and found that
all models are able to capture wet and dry events and show high skill. Finally, remote sensing soil
moisture products from various sensors (e.g., microwave, optical and thermal sensors) provide
global-scale soil moisture measurements but with limited spatial and temporal resolutions (Brocca
et al., 2017). For example, The SMAP Level-3 products provides a daily composite of global soil
moisture retrieved by both the Soil Moisture Active Passive radar and radiometer at 9 km spatial
resolution(ONeill et al., 2019).

However, due to the characteristics of three main sources of soil moisture measurement (in
situ, land surface model, and satellite), their data quality or representativeness of their values might

vary over different land cover types. For example, the Oklahoma Mesonet site standards minimize
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the influence of urban landscapes, irrigation, forest, bare soil, fast growing vegetation, and large
bodies of water (McPherson et al., 2007). It is suggested that vegetation at the site should be
uniform and low growing such as short grasses (Brock et al., 1995). Therefore, soil moisture
measurements at the Oklahoma Mesonet sites may not well represent SM variations over bare soil,
crops, forest, and other fast growing vegetations. The vegetation classification of NLDAS land
surface models was derived from the global, 1-km, AVHRR-based, 13-class vegetation database
of UMD (Noah; (Hansen et al., 2000)). For each 1/8° grid cell, Noah uses the most predominant
vegetation class (Mitchell et al., 2004). Xia et al. (2014) evaluated 20-years (January 1985—
December 2004) of NLDAS-2 model-simulated soil moisture with in situ measurements over the
continental United States and concluded that the performance for all models is higher in the
Southeast, Great Plains, Midwest, and Northwest, and lower in the Southwest and the Northeast
with their dominant vegetation cover as forest, grassland, a mixture of cropland and grasslands,
grassland, open shrubland, and forest respectively. Zhang et al. (2019) conducted a comprehensive
validation of the SMAP Level 3 SM product with ground measurements over varied climates and
landscapes from April 1, 2015 to March 31, 2018. Results showed that SMAP level 3 SM product
had better performance over grassland than over cropland. In summary, all three main soil moisture
measurements are subject to representativeness inadequacies over various land cover types and
correct interpretation and application of their products requires an in-depth understanding of their
accuracy.

Therefore, the overarching goal of this chapter is to cross-evaluate three widely used soil
moisture products independently across Oklahoma and over various land cover types. Specifically,
this chapter shows the results of a comprehensive assessment of the Satellite SMAP_L3 (SMAP),

Land Surface NOAH Model (Noah), and the interpolated Mesonet soil moisture (Mesonet)
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products across Oklahoma at daily and seasonal timescales using the TC method evaluated over
different land cover types. This chapter is the first to adopt triple collocation method in
intercomparison between in-situ, model-based, and satellite soil moisture products over various
land cover types in Oklahoma and the results are expected to provide not only a new perspective
for comparatively assessing multi-source soil moisture products over different land cover types
but also a basis for objective data merging to capitalize the strengths of multi-sensor multiplatform
soil moisture products. The rest of the chapter is organized as follows: Section 3.2 details the data
and study area; Section 3.3 describes the methods and data processing; Section 3.4 presents the
results and analysis; Section 3.5 provides a discussion; and the Section 3.6 provides some

conclusions for this study.

3.2 Data Sources
3.2.1 Satellite soil moisture product: SMAP L3 SM _P_E

Launched in January 2015, SMAP is an orbiting observatory that estimates the amount of
water in the top 0 — 4 inches (0 — 10 centimeters) of soil everywhere on Earth’s land surface every
two to three days. SMAP was designed to provide high-resolution soil moisture information with
radar (active) and radiometer (passive) sensors that operate at L-band frequencies. However, the
radar instrument terminated its operation due to failure of its power supply after three months of
data collection. The SMAP radiometer has been operating flawlessly and in extended operation
phase since 2018 (Entekhabi et al., 2014).

In total, the SMAP mission has generated 23 distributable data products representing four
levels of data processing. Level 1 products are instrument-related data sectioned into surface radar

backscatter cross-section and brightness temperatures. Level 2 products are geophysical retrievals
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in half orbit granules resulting from instrument data. Level 3 products are daily global composites
of Level 2 data for an entire UTC day. Level 4 products are outputs from geophysical models
utilizing SMAP data (Chan, 2016). The reasons why the SMAP Level 3 product is used in this
chapter are: (1) Even though both Level 2 and Level 3 products are geophysical retrievals, Level
3 values are daily global composites of Level 2; and (2) while both Level 3 and Level 4 products
are daily global retrievals, only Level 3 can satisfy the independency assumption of triple
collocation analysis (Scipal et al., 2008). Since Level 4 products are outputs from geophysical
models, it is difficult to justify that the Level 4 product is independent from the NLDAS2 Noah
model derived soil moisture product.

The SMAP Level 3 product used in this study is the Enhanced L3 Radiometer Global Daily 9
km EASEGrid Soil Moisture, Version 3 (L3_SM_P_E; (ONeill et al., 2019)). It is a daily global
composite of the enhanced SMAP L2_SM_P_E product, which contains gridded data of 6:00 am
(descending) and 6:00 pm (ascending) SMAP radiometer-based soil moisture retrievals, ancillary
data, and quality assessment flags on the global 9-km Equal-Area Scalable Earth (EASE 2.0) grid.
The main output of this dataset is 0-5 cm surface soil moisture. This product is publicly available
through the National Snow and Ice Data Center. Surface soil moisture data of SMAP L3 _SM P_E
product pertaining to the period from 04-01-2015 to 07-01-2019 were used in this study (ONeill

etal., 2019).

3.2.2 Model-based soil moisture product: NLDAS _NOAHO0125 H
The North American Land Data Assimilation System phase 2 (NLDAS-2) is an offline data
assimilation system running four land surface models (Noah, SAC-SMA, VIC, and Mosaic) over

the conterminous United States (CONUS), the southern part of Canada, and the northern portion
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of Mexico with a 1/8° latitude-longitude resolution (Xia et al., 2012). The four land surface models
represent different methodological approaches to land surface modeling. This study uses the
simulated soil moisture from the NLDAS-2 Noah model. The Noah model is the land model of the
NCEP (National Centers for Environmental Modeling Prediction) operational regional and global
weather and climate models (Betts et al., 1997; F. Chen et al., 1997; Ek et al., 2003). It provides
hourly soil moisture fields at 1/8° grid from 1979 to present. The Noah model has four soil layers:
0-10 cm, 10-40 cm, 40-100 cm, and 100-200 cm and simulates soil moisture at the middle of
each soil layer (5, 25, 70, and 150 cm), but only the top layer value (i.e., 5 cm) is used in this study.
Xia et al. (2014) compared soil moisture estimates of four NLDAS-2 land surface models (Noah,
Mosaic, SAC, VIC) with three in-situ soil moisture observation data sets in the United States (the
Illinois Climate Network, the Oklahoma Mesonet network, and the Soil Climate Analysis
Network) to find that Noah had the smallest mean absolute error (MAE=0.036), root mean square
error (RMSE=0.04) and bias (Bias=-0.033) in the comparison with the Oklahoma Mesonet
observations for absolute daily soil moisture at the top 10 cm soil layer in a six year period (from
January 1, 1997 to December 31, 2002). Moreover, Noah was much closer to the observations over
six year averaged daily volumetric soil moisture (Xia et al., 2014). Therefore, the hourly soil
moisture simulations of NLDAS-2 Noah model between the period of 04-01-2015 to 07-01-2019
were used in this study (GES DISC Dataset: NLDAS Noah Land Surface Model L4 Monthly

Climatology 0.125 x 0.125 Degree V002 (NLDAS_NOAHO0125 MC 002), n.d.).

3.2.3 In situ soil moisture product: the Oklahoma Mesonet
The Oklahoma Mesonet is a world-class statewide network of environmental monitoring

stations that was established in January 1994. It measures atmospheric, hydrologic, and
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meteorological variables including temperature, humidity, solar radiation, wind speed and
direction, and soil moisture to aid in operational weather forecasting and environmental research
across the state (McPherson et al., 2007). With at least one station in each of Oklahoma’s 77
counties, the Mesonet consists of 120 automated stations across the state. These measurements are
packaged into observations every five minutes, and then transmitted to the Oklahoma
Climatological Survey (OCS) at the University of Oklahoma (OU), where the observed data are
processed and verified for their quality, and then made public. Soil moisture data are collected
every 30 min and recorded locally at each site including at the surface (llIston et al., 2004). Since
the TC analysis requires three spatially and temporally collocated measurement systems and
SMAP measurements are intermittent (6:00 am and 6:00 pm), the Mesonet soil moisture
measurements at local solar time 6 am and 6 pm from 04/01/2015 to 07/01/2019 were used in this
study. A total of 115 Mesonet sites were selected according to the data availability during the study
time (see Figure 3.1). Since the data points are spread-out across the state, interpolation was
conducted using ordinary Kriging, as previously suggested by (Lakhankar et al., 2010) and then

re-gridded to 9 km.

3.2.4 Auxiliary Data

To better understand the performance of the three soil moisture products over different land
cover types, the national land cover dataset (NLCD) 2016 product was used in this study. The
NLCD provides nationwide data on continental U.S. land cover and land cover change at a 30 m
resolution with a 16-class legend based on a modified Anderson Level Il classification system.
There are fifteen land cover types within Oklahoma as shown in Figure 1. Oklahoma is divided

into nine climate divisions (Figure 3.2). These nine divisions are determined by multiple factors,
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including climatic conditions, county lines, crop districts, and drainage basins rather than strict
climatic homogeneity (Guttman & Quayle, 1996; lliston et al., 2004). Therefore, analyzing the
performance of three soil moisture products in the nine climate divisions provides a unique

opportunity to understand better how land cover impacts soil moisture.
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0 Il Developed High Intensity
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Figure 3.1. The distribution of in situ soil moisture stations from the Oklahoma Mesonet on a
National Land Cover Dataset (NLCD) land cover type (for year 2016) map.
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3.3 Data Processing and the Triple Collocation Method

3.3.1 Data processing

temporal resolutions and soil depth. Since the TC analysis requires three spatially and temporally
collocated measurement systems, the grid of SMAP (EASE_v2) was defined as the reference for
the three products. Therefore, Noah data were resampled to this grid using the area-weighted
average method while Oklahoma Mesonet soil moisture measurements were matched to the
EASE_v2 grid using ordinary kriging (Lakhankar et al., 2010). Figure 3.3 shows the temporal

coverage of three soil moisture products during the study period (April 2015 through July 2019).

Table 3.1 presents metadata of the product triplet including version, data spans, spatio-
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Mesonet and Noah provide continuous data but SMAP measurements are intermittent because the
same swath from each orbit of SMAP is only repeated every eight days. The three collocated soil
moisture products (SMAP, Mesonet, and Noah) are evaluated at daily and seasonal timescales
using the TC method over different land cover types across Oklahoma. For the comparison, two
time stamps are selected, one diurnal (6 AM LST) and one nocturnal (6 PM LST) according to the
availability of SMAP. Table 3.2 shows the number of collocated samples for each grid point at
daily and seasonal time scales. All sample sizes are larger than the suggested TC sample size (100)
by Scipal et al. (2008).

Table 3.1. Summary of satellite (SMAP L3 SM P _E herein called SMAP), model

(NLDAS_NOAHO0125 H), and in situ (Oklahoma Mesonet) soil moisture products used in this
study.

Data Version Data Period Temporal Spatial Depth
Resolution Resolution

SMAP L3 SM_P E 2015 — present daily 9 km 0-5cm

Noah 0125_H 1979 - present hourly 0.125° 0-10 cm

Mesonet 115 sites 1998 - present 30 minute/daily point 0-5 cm

e on e+ | raduc
= Mesonet

oz - —
v | I IR0 110 0 A 00 100 T T 1 N AU [[[[ /WM~ = Noah

April  July October 2016  April July October 2017  April July October 2018  April July October 2019  April July ™ Smap

Figure 3.3. Temporal coverage of SMAP, Noah, and Mesonet soil moisture products used in this
study.

Table 3.2. Sample sizes of 6 AM and 6 PM and Seasonal TC triplets.
Sample Size AM PM Spring Summer Autumn Winter
Days 746 714 394 340 326 360

3.3.2 Classical Triple Collocation
Triple collocation (TC) analysis is a method for estimating the random error variances of three
spatially and temporally collocated measurement systems of the same geophysical variable without

treating any one system as perfectly observed “truth” (Stoffelen, 1998). A few assumptions are
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necessary for the TC method: (1) linearity between the true soil moisture signal and the
observations, (2) signal and error stationarity, i.e., their mean values and variances are assumed to
remain constant over time, (3) error orthogonality, i.e., the errors are independent from the true
soil moisture signal, (4) the errors of three independent products should be independent or
unrelated which means they must have a zero cross-correlation, and (5) the expectation of error is
treated as zero. Yilmaz and Crow (2014) conducted experiments on the TC errors due to the
relevance of three products, and the results revealed that the more independent they are, the less
TC induced error there will be. It is essential to consider the relevance of the inputs in order to
make the TC method more reliable (Li et al., 2018). The three selected soil products selected, i.e.,
ground based (Mesonet), model based (Noah), and satellite-based (SMAP), all meet the above
criteria.

The TC method treats all three independent products as equally important, and thus no
preference or bias is introduced for any one approach. Equation (3.1) illustrates a standard form of

the TC method (Zwieback et al., 2012):

Ri = a; + blT + &; (31)

Where R; (i € (X,Y, Z)) indicates each of the three collocated soil moisture datasets X, Y and
Z, T is the “relative truth,” a;, b; are the weights and biases to adjust, and ¢; represents the error
for each product i. Given this definition, the covariances between pairs of two different

measurement systems (e.g., X and Y) would be given by

Cov(Ry, Ry) = E(RxRy) — E(Rx)E(Ry)

= bybya# + byCov(T,&y) + by Cov(T, &x) + Cov(ey, &y) (3.2)
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Where g2 = Var(T). According to assumptions (3), (4), (5), E(ex) = 0, (Cov(ey, &) =

0,X #Y), (Cov(T,ex) = 0). Therefore, equation (3.2) reduces to

B _ (bybyo? forX #Y
Qxy = Cov(Ry,Ry) = {b,%a% tof, forX=Y

(3.3
Where o2, = Var(ex). Since there are seven unknowns (by, by, bz, 0¢,, O¢,, O¢,, 07) in SiX

equations in the 3 x 3 covariance matrix (Qxx, Qxy, Qxz, Qyy, Qyz Qzz), there is no unique

solution. However, the introduction of a new variable 8y = byor, changes (3.3) to

Cov(Ro R 050y forX Y
QXY - 017( X Y) - H)% + O.SZX fOTX =Y

(3.4)
From equation (3.4), we now have six unknowns in six equations and are able to calculate the
root mean square error (RMSE) in the set of equations (3.5) that are based on the covariance of

triplets (McColl et al., 2014):

( QxyQxz
QXX - Q
YZ
QxyQyz
e =4 [Qyy — Oxz (3.5)
QxzQyz
\ QZZ Qxy
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3.3.3 Extended Triple Collocation

Using the same assumptions as TC, McColl et al. (2014) introduced an additional performance
metric, the Pearson correlation coefficient (CC) of the measurement system with respect to the
unknown target with the called “ETC” method in which CC is calculated as a set of equations

(3.6).

( 2 _ QxyQxz

CCy° =
X QxxQyz (3.6)

QxyQyz
CCy? = ———
1 ¢Cr QyyQxz
Qxz0yz
CC2 = ——=
S Qzz0Qxy

3.3.4 Use of the Classical and Extended Triple Collocation for the Three Testing Products

The mathematical derivations explained in equations 3.4 through 3.6 will be used to conduct
the evaluation of the three study products (i.e., SMAP, Noah and Mesonet) in light of the TC
method. Since both RMSE and CC are derived from covariances between the three products, they
reveal the relative error as a measurement of the uncertainty. Therefore, the least uncertain product,
represented by the lowest RMSE and highest CC, will have the best performance. Likewise, the
most uncertain product will be associated with the highest RMSE and lowest CC. Results are
presented through gridded maps of instantaneous and seasonally-discretized (i.e., spring, summer,
fall, winter) RMSE and CC and boxplots for groups of pixels with the same land cover type. The
instantaneous values for comparison are extracted for two hours of the day, 6:00 am and 6:00 pm,
determined by the available SMAP satellite geographical overpasses during the time period of
April 2015 to July 2019. The TC analysis is conducted over Oklahoma and the different land cover
types are extracted from the auxiliary data (see section 3.2.4) to test the degree of dependency of

each product’s performance with the land cover class. According to the NLCD 2016 product, there

64



are fifteen (15) land cover types in the state (Figure 3.1). Table 3.3 contains the number of selected
TC intercomparison pixels with a spatial resolution of nine (9) km for each land cover type in
Oklahoma except open water, woody wetlands and emergent herbaceous wetlands. With the aim
of achieving statistical representativeness and preserving class diversity, the developed low
intensity, medium intensity and high intensity are classified as one land cover type “developed.”
Moreover, the triple product comparison was conducted for land cover types with more than 10

co-located pixels state-wide.

Table 3.3. Number of 9kmx9km grid cells in each of the land cover types in Oklahoma.

Land Cover Type Number of Co-located Pixels
Developed Open Space 137
Developed Low Intensity 25
Developed Medium Intensity 7
Developed High Intensity 7
Deciduous Forest 414
Evergreen Forest 74
Mixed Forest 43
Shrub/Scrub 124
Grassland/Herbaceous 744
Hay/Pasture 229
Cultivated Crops 338
Barren Land (Rock/Sand/Clay) 7
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3.4 Results
3.4.1 Sub-daily Product Inter-comparison of Soil Moisture Values

Figure 3.4 shows the CC and RMSE statistics obtained for simultaneous diurnal 6:00 AM
observations at a daily time scale over Oklahoma. Overall, Mesonet provides the highest spatio-
temporal, integrated averaged CC (CC,,eqn) Of 0.805, followed by Noah with an CC,,,.4, 0f 0.747.
SMAP has the lowest CC,,..n Of 0.314 at the state level. However, the correlation varies with
different locations and products (Figure 3.4, Table 3.4). Based on the Climate Divisions from
NOAA's Climate Divisional Database (Vose, et al. 2014), Mesonet provides high averaged CC
values in the Southwest, West Central, South Central and Panhandle (0.92, 0.9, 0.88, 0.88
respectively) regions, while lower averaged correlation is shown in the Northeast (CC=0.58). Noah
exhibits high averaged CC in the Panhandle and South Central (CC = 0.79, 0.86 respectively)
regions but lower values in the Northeast and West Central divisions (CC = 0.66 and 0.67
respectively). The regional mean CC values of SMAP are generally higher in the Panhandle,
Southwest, and West Central divisions (CC=0.49, 0.47, 0.39 respectively) than those in the other
six climate divisions. In terms of the RMSE, Noah provides the smallest state-wide RMSE,, .4, Of
0.026 m3/m3, followed by Mesonet (RMSE,oqn = 0.054m3/m3) and SMAP (RMSE,oqn =
0.107 m3/m3) at the state level. But the error varies across different locations and products
(Figure 4, Table 4). Mesonet shows low RMSE values (0.04 m3 /m?3) in Southwest, South Central,
West Central, and Panhandle but high values in the Northeast (0.09 m3 /m3). Noah exhibits small
RMSE mean values in all nine divisions (equal or less than 0.04 m3/m3). SMAP exhibits low
mean RMSE values (0.06 m3/m?2) in the Panhandle and Southwest but higher in Northeast, East
Central, Southeast (0.18, 0.15, 0.16 m3/m3respectively). In summary, among the nine climate

divisions, Noah has best performance in Central (CC=0.75, RMSE=0.03 m3/m3), Northeast
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(CC=0.66, RMSE=0.04 m3/m?), and East Central (CC=0.76, RMSE=0.02 m3/m?3), followed by
Mesonet. In the other six climate divisions, Mesonet has higher mean CC values than Noah, while
Noah provides lower averaged RMSE values than Mesonet. Meanwhile, SMAP illustrates
consistently lower-than-Mesonet (or Noah) averaged CC and higher-than-Mesonet (or Noah)
averaged RMSE values over all nine climate divisions. Summarizing on the strengths of each
product, Mesonet has better performance in the Panhandle, Southwest, West Central, and South
Central and worse performance in North Central and Northeast. Noah has better performance in
the Panhandle and South Central but worse in the North Central, Northeast and West Central.
SMAP has better performance in the Panhandle, Southwest, West Central, South Central but less
value in the Northeast, East Central, and Southeast divisions. All three products exhibit worst

performances in the Oklahoma Northeast.
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Figure 3.4. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row). surface soil moisture products based on morning 6 AM soil moisture values from April
2015 through July 2019.
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Figure 3.5 shows the spatial distribution of correlation and error statistics obtained from the
TC triplets at local 6:00 PM standard time over Oklahoma. At the state scale, Mesonet provides
the highest spatio-temporal, integrated averaged CC (CC;,,0qn) Of 0.806, followed by Noah with a
CCpean OF 0.740. SMAP has the lowest CC,, .4 OF 0.316. Error-wise, Noah provides the smallest
RMSE, 04, Of 0.026 m3/m3, followed by Mesonet (RMSE,,cqn = 0.054m3/m3) and SMAP
(RMSE 0qn = 0.107 m3/m?3). The geographical distributions of CC and RMSE of local 6 AM

TC triplets (not shown here) resemble those at local 6 PM (Figure 3.5).
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Figure 3.5. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row) surface soil moisture products based on local 6 PM soil moisture values from April
2015 through July 2019.

Table 3.4. Average CC and RMSE values obtained from the TC triplets at local 6:00 PM for
Mesonet, Noah and SMAP over nine climate divisions of Oklahoma.

Division Metric Mesonet Noah SMAP
Panhandle CCrican 0.88 0.79 0.49
RMSE 0an 0.04 0.02 0.06
West Central CCrican 0.9 0.67 0.39
RMSE,;cqn 0.04 0.03 0.07
Southwest CCrean 0.92 0.75 047
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RMSE moan 0.04 0.02 0.06

North Central CCrean 0.8 0.7 0.32
RMSE,;cqn 0.06 0.03 0.11

Central CCrean 0.75 0.75 0.28
RMSE ean 0.05 0.03 0.09

South Central CCrean 0.88 0.86 0.33
RMSE,;cqn 0.04 0.02 0.09

Northeast CCrean 0.58 0.66 0.12
RMSE,;cqn 0.09 0.04 0.18

East Central CCrean 0.76 0.76 0.23
RMSEpmean 0.06 0.02 0.15

Southeast CCrean 0.85 0.76 0.25
RMSE,; cqn 0.05 0.02 0.16

3.4.2 Seasonally-integrated Product Intercomparison of Soil moisture Values

Figure 3.6 (spring), Figure 3.7 (summer), Figure 3.8 (fall), and Figure 3.9 (winter) show the
spatial distribution of seasonally averaged CC and RMSE values obtained from the TC triplets at
local 6:00 AM. The results gathered for local 6:00 PM are highly similar and consistent with those
for 6:00 AM. In spring (Figure 3.6 and Table 3.5), at the state scale, Mesonet provides the highest
spatio-temporal, integrated averaged CC (CC,,,0qn) Of 0.753, followed by Noah with a CC,,.4, Of
0.680. SMAP has the lowest (among the three products) CC,eqn Of 0.463. However, the
correlation values vary geographically. Mesonet provides high averaged CC values in the
Panhandle, West Central, and South Central (0.89, 0.82, 0.81, respectively) divisions, while low
averaged correlation is shown in the Northeast and Southeast (0.66 and 0.65). Noah exhibits high
averaged CC in the Panhandle, Southwest and South Central (0.75, 0.77, 0.79 respectively) while
low values in North Central, and Southeast (0.59, 0.57 respectively). The CC mean values of
SMAP are generally higher in the North Central and Southwest regions (0.61 and 0.58
respectively) than those in the other six climate divisions. As for the RMSE, Noah provides the
smallest RMSE,,, .4, Of 0.0229 m3/m3, followed by Mesonet (RMSE,, .o = 0.0405m3/m3)

and SMAP (RMSE, .., = 0.0706 m3/m3) at the state scale. Mesonet has low RMSE mean
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values (ranging from 0.03 to 0.05 m3/m3) but Noah also exhibits low averaged RMSEs (ranging
from 0.02 to 0.03 m3/m3) in all nine climate divisions. SMAP presents low RMSE mean values
in the Northeast, East Central, and Southeast (0.09, 0.1, and 0.11 m3/m3, respectively) while
relatively higher averaged RMSE values in the Panhandle and West Central (0.04 and 0.05
m3/m3). Overall, among the nine climate divisions, Mesonet has higher mean CC values than
Noah, while Noah provides lower averaged RMSE values than Mesonet. SMAP values are
consistently lower-than-Mesonet (or Noah) averaged CC and higher-than-Mesonet (or Noah)
averaged RMSE values over all nine climate divisions. Regionally, Mesonet shows high averaged
CC values in the Panhandle, West Central, and Southwest. However, the averaged RMSE values
for this product in these divisions are large. Noah, on the other hand, illustrates better performance
in the South Central and Southwest divisions, that worsens in the North Central and Northeast
climate divisions. Finally, SMAP performs best in the Panhandle, Southwest, West Central, and
North Central but presents poor results in the Northeast, East Central, and Southeast divisions.

In summer (Figure 3.7 and Table 3.6), Mesonet provides the highest spatio-temporal,
integrated averaged CC (CC,,.4n) Of 0.807, followed by Noah with a CC,,,.,, 0f 0.769. Among the
three products, SMAP presents the lowest CC,,,..n Of 0.285. However, these correlations vary
geographically. Mesonet provides high averaged CC values in the West Central, Southwest and
Panhandle (0.96, 0.93, 0.87, respectively), while lower values are shown in the Northeast (0.68).
Noah has the highest averaged CC in the Panhandle (0.91) but the lowest in the Northeast (0.65).
The CC mean values of SMAP are generally higher in the Panhandle and Southwest (0.56 and
0.45 respectively) than those in the other six climate divisions. As for the RMSE, Noah provides
the smallest RMSE,, 04, Of 0.0244 m3/m3, followed by Mesonet (RMSE,,0qn = 0.0546 m3/m?3)

and SMAP (RMSE,,.., = 0.1121 m3/m3) at the state scale. Climatic division-wise, Mesonet has
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low RMSE mean values, all of which are 0.03 m3/m3 in the West Central, Panhandle, and
Southwest, while it presents high averaged RMSE in the Northeast (0.1 m3/m?3). Noah exhibits
low averaged RMSEs (ranging from 0.02 to 0.03 m3/m?3) in all nine climate divisions. SMAP
exhibits low RMSE mean values in the Panhandle, Southwest, and West Central (0.06, 0.07, and
0.07 m3/m3, respectively) but higher RMSE values in the Northeast, Southeast and East Central
(0.19, 0.16, and 0.15 m3/m3, respectively). Overall, among the nine climate divisions, Noah
performs best in the Panhandle (CC=0.91, RMSE=0.02 m3/m?3), and South Central (CC=0.78,
RMSE=0.03 m3/m3) divisions, followed by Mesonet. In the other six climate divisions, Mesonet
has higher mean CC values than Noah, while Noah provides lower averaged RMSE values than
Mesonet. SMAP values are consistently lower-than-Mesonet (or Noah) averaged CC and higher-
than-Mesonet (or Noah) averaged RMSE values over all nine climate divisions. Product-wise,
Mesonet has better performance in the West Central, Southwest, and Panhandle, but worse in the
Northeast, East Central, and Central. Noah has better performance in the Panhandle and worse in
the Northeast and SMAP has better performance in the Panhandle, Southwest, West Central, and
worse in the Northeast, East Central, and Southeast. All three products show the worst performance
in the Northeast Oklahoma division.

During fall (Figure 3.8 and Table 3.7), Mesonet provides the highest spatio-temporal,
integrated, averaged CC (CC,,0qn) Of 0.855, followed by Noah with a CC,,.4, Of 0.831. SMAP
has the lowest CC,,.qn Of 0.335. However, the correlation varies spatially and between products.
Mesonet provides high averaged CC values in the Southwest, West Central, and South Central
(0.98, 0.95, 0.94, respectively). While low averaged correlation is shown in the Northeast (0.68).
Noah also exhibits the highest averaged CC in the South Central, Panhandle, Southeast, and

Central, all of which are 0.87 and the lowest in the Northeast (0.73). The CC mean values of SMAP

71



are generally higher in the Panhandle and Southwest (0.51 and 0.5 respectively) than those in the
other six climate divisions. As for the RMSE, Noah provides the smallest RMSE,,;.q, 0f 0.0204
m3/m3, followed by Mesonet (RMSE,,.qn = 0.0419m3/m3) and SMAP (RMSE,cqn =
0.112m3/m?3). Noah shows consistent low RMSE values across the state (ranges from 0.02 to
0.03m3/m3). Mesonet has low RMSE mean values in the Southwest, West Central, and Panhandle
(0.02, 0.03, 0.03 m3/m3, respectively), while it presents high averaged RMSE in the Northeast
(0.08 m3/m3). SMAP exhibits low RMSE mean values in the Panhandle, Southwest, and West
Central (0.07, 0.06, and 0.07 m3/m3, respectively) but high averaged RMSE values in the
Northeast, Southeast and East Central (0.19, 0.18, and 0.15 m3/m3, respectively). Overall, among
the nine climate divisions, Noah has best performance in the North Central (0.8, 0.02 m3/m3),
Central (0.87, 0.02 m3/m?3), Northeast (0.73, 0.03 m3/m?2), East Central (0.83, 0.02 m3/m?),
and Southeast (0.87, 0.02 m3/m3) followed by Mesonet. Mesonet has best performance in the
Southwest (0.98, 0.02 m3/m3) followed by Noah. SMAP values are consistently lower-than-
Mesonet (or Noah) averaged CC and higher-than-Mesonet (or Noah) averaged RMSE values over
all nine climate divisions. Among all three, Mesonet has better performance in the West Central,
Southwest, Panhandle, and South Central and worse performance in the Northeast and East
Central. On the other hand, Noah shows better performance in the Panhandle but poorer in the
Northeast. SMAP has better performance in the Panhandle, Southwest, West Central, and South
Central, and worse in the Northeast, East Central, and Southeast. All three products provide their
worst performance in Northeast.

In winter (Figure 3.9 and Table 3.8), Mesonet provides the highest spatio-temporal, integrated
averaged CC (CCyeqn) Of 0.811, followed by Noah with an CC,,cq, Of 0.667. SMAP has the

lowest (of the three products) CC,,..n Of 0.52. Geographically, Mesonet exhibits high mean CC
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values in all nine divisions (ranging from 0.78 to 0.89). Noah exhibits the highest averaged CC in
the Panhandle (0.78) but the lowest values in the Central (0.55) division. The CC mean values of
SMAP are generally higher in the East Central and Southwest (0.6 and 0.61 respectively) than
those in the other six climate divisions. A look at the RMSE values reveals that Noah provides the
smallest RMSE,,,oqn, Of 0.0217 m3/m3, followed by Mesonet (RMSE,,0qn = 0.0507 m3/m?3)
and SMAP (RMSE,.qn = 0.0663 m3/m?3). Noah shows consistent low RMSE values across the
state (ranges from 0.02 to 0.03m3/m3). Mesonet has low RMSE mean values in the Southeast,
Southwest and West Central (0.03, 0.04, 0.04 m3/m?3, respectively), while it presents high
averaged RMSE in the Central (0.08 m3/m3) climate division. SMAP exhibits low RMSE mean
values in the Panhandle, Southwest, and West Central (0.04, 0.05, and 0.05 m3/m3, respectively)
but high values in the Northeast, Southeast and East Central (0.09, 0.1, and 0.08 m3/m3,
respectively). Overall, among the nine climate divisions, Mesonet has higher mean CC values than
Noah, while Noah provides lower averaged RMSE values than Mesonet. SMAP values are
consistently lower-than-Mesonet (or Noah) averaged CC and higher-than-Mesonet (or Noah)
averaged RMSE values over all nine climate divisions. For each product, Mesonet shows the worst
performance in the Central climate region. Noah has better performance in the Panhandle and
Southwest that worsens in the Central and North Central areas. SMAP has better performance in
the Southwest and Panhandle but worst in the Northeast division.

In summary, the period-integrated TC intercomparison results for Mesonet, Noah, and SMAP
over nine climate divisions (Figures 3.4 and 3.5 and Table 3.4) indicate that Noah provided the
best performance (as defined by the highest averaged CC and lowest averaged RMSE values) in
the Central, Northeast, and East Central regions. In the other six climate divisions, Mesonet

presents the highest mean CC values, while Noah provides lowest averaged RMSE values. The
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seasonal TC intercomparison results for Mesonet, Noah, and SMAP over the nine climate divisions
(Figures 3.6, 3.7, 3.8 and 3.9 and Tables 3.5, 3.6, 3.7 and 3.8) indicate that in spring and winter,
Mesonet has higher mean CC values than Noah, while Noah provides lower averaged RMSE
values than Mesonet. In summer, Noah has best performance in the Panhandle and South Central.
While in the other seven climate divisions, Mesonet and Noah have comparable performances. In
fall, Noah has best performance in the North Central, Central, Northeast, East Central, and

Southeast. On the other hand, Mesonet best performs in the Southwest.

CC RMSE
o %95 7 10 36.95
() 36.5 . 1 36.5
C 3605 ; = - i '8 36.05
8 356 L ol AL 356
Q 15 : : 35.15
S w7 . i 08 34

25| (Q) * A 125 (b)
10293 10123 99’53 9783 9613 10203 10123 9953 9783 96113

36.95 ; F 36.95 -
o % . . ey ol 06 365
G 0 & =" -'h- I 36.05
O 6 , - . 35.6

Z B i .." ; 3515 e
34.7 FoY 3.7
u2s{(C) a, ! 04 3495

10293 10123 99’53 9783 96,13 10293 10123 9953 9783 96,13
o 3695 - 36.95
-] | 35 {Te— | & 3.5
| 3605 ‘ 02 36.05
% 35.6 1 35.6
s B 1 35.15
3.7 3.7
0 s (e) | 34.25
0.0

-102.93 -101.23 -99.53 -97.83 -96.13 : -102.93 -101.23 99.53 -97.83 -96.13

Figure 3.6. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row) surface soil moisture products based on morning 6 AM values from April 2015 through
July 2019, integrated (averaged) only during the Spring season months (i.e., March, April and
May).

Table 3.5. Climate-division averaged CC and RMSE from the TC triplets at local 6:00 AM for
Mesonet, Noah and SMAP during the Spring over nine climate divisions of Oklahoma.

Division Metric Mesonet Noah SMAP
Panhandle CCrican 0.89 0.75 0.51
RMSE can 0.04 0.02 0.04
West Central CCrean 0.82 0.66 0.54
RMSE can 0.05 0.03 0.05
Southwest CCrean 0.78 0.77 0.58
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RMSE,;can 0.05 0.02 0.06
North Central CCrean 0.76 0.59 0.61
RMSE,;can 0.05 0.03 0.06
Central CCrcan 0.71 0.7 0.47
RMSE,;can 0.04 0.03 0.06
South Central CCrean 0.81 0.79 0.43
RMSE,;can 0.03 0.02 0.07
Northeast CCrean 0.66 0.61 0.42
RMSE,;can 0.04 0.04 0.09
East Central CCrean 0.71 0.66 0.37
RMSE,;can 0.03 0.02 0.1
Southeast CCrean 0.65 0.57 0.22
RMSE, cqn 0.04 0.02 0.11
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Figure 3.7. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row) surface soil moisture products based on morning 6 AM values from April 2015 through
July 2019, integrated (averaged)only during the Summer season months (i.e., June, July and

August).

Table 3.6. Climate-division averaged CC and RMSE from the TC triplets at local 6:00 AM for
Mesonet, Noah and SMAP during the Summer over nine climate divisions of Oklahoma.

Division Metric Mesonet Noah SMAP
Panhandle CCrican 0.87 0.91 0.56
RMSE can 0.03 0.02 0.06
West Central CCrean 0.96 0.82 0.36
RMSE,can 0.03 0.02 0.07
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Figure 3.8. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row) surface soil moisture products based on morning 6 AM values from April 2015 through
July 2019, integrated (averaged)only during the Fall season months (i.e., September, October,
November).

Table 3.7. Climate-division averaged CC and RMSE from the TC triplets at local 6:00 AM for
Mesonet, Noah and SMAP during the Fall over nine climate divisions of Oklahoma.

Division Metric Mesonet Noah SMAP
Panhandle CCrican 0.9 0.87 0.51
RMSE 1, 0an 0.03 0.02 0.07
West Central CCrean 0.95 0.81 0.43
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RMSE oun 0.03 0.02 0.07

Southwest CCrean 0.98 0.81 0.5
RMSE,;can 0.02 0.02 0.06

North Central CCrean 0.79 0.8 0.32
RMSE,;can 0.05 0.02 0.12

Central CCrean 0.85 0.87 0.34
RMSE,;can 0.04 0.02 0.09

South Central CCrrcan 0.94 0.87 0.38
RMSE,;can 0.04 0.02 0.09

Northeast CCrean 0.68 0.73 0.14
RMSE,;can 0.08 0.03 0.19

East Central CCrean 0.81 0.83 0.21
RMSE can 0.06 0.02 0.15

Southeast CCrean 0.82 0.87 0.23
RMSE,; can 0.05 0.02 0.18
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Figure 3.9. Product inter-comparison assessment through CC (left column) and RMSE (right
column) after applying the TC method for Mesonet (first row), Noah (second row) and SMAP
(third row) surface soil moisture products based on morning 6 AM values from April 2015 through
July 2019, integrated (averaged)only during the Winter season months (i.e., December, January,
February).

Table 3.8. Climate-division averaged CC and RMSE from the TC triplets at local 6:00 AM for
Mesonet, Noah and SMAP during the Winter over nine climate divisions of Oklahoma.

Division Metric Mesonet Noah SMAP
Panhandle CCrean 0.84 0.78 0.59
RMSE can 0.06 0.02 0.04
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West Central CCrean 0.86 0.7 0.52

RMSE,;can 0.04 0.02 0.05

Southwest CCrean 0.85 0.73 0.61
RMSE,;can 0.04 0.02 0.05

North Central CCrean 0.78 0.58 0.58
RMSE can 0.05 0.02 0.06

Central CCrean 0.84 0.55 0.43
RMSE,;can 0.08 0.03 0.06

South Central CCrean 0.89 0.68 0.4
RMSE can 0.07 0.03 0.07

Northeast CCrean 0.81 0.66 0.47
RMSE can 0.05 0.02 0.09

East Central CCrean 0.87 0.72 0.6
RMSEpmean 0.05 0.02 0.08

Southeast CCrean 0.85 0.66 0.55
RMSE,, can 0.03 0.02 0.1

3.4.3 Sub-daily Soil Moisture Product Inter-comparison by Land Cover Type

The TC intercomparison results for Mesonet, Noah, and SMAP over different land cover types
are shown in Figure 3.10 (period-integrated), Figure 3.11 (CC, across seasons) and Figure 3.12
(RMSE, across seasons). Since results for 6:00 PM are highly similar to 6:00 AM, only the
morning condition is presented.

The quartile distribution and data range of the CC and RMSE for each soil moisture product
over different land cover types are shown in Fig. 3.10 through box and whisker representations.
Figure 3.10 illustrates that, in terms of CC, Mesonet shows the highest correlations in evergreen
forest, cultivated crops, and shrub/scrub land cover types but Noah has slightly better CC values
(compared to Mesonet) in deciduous forest and pasture/hay land cover types. Inter-quartile
variability and ranges are similar across categories for Mesonet and Noah except for Shrub/Scrub
class where Noah shows significant, below-the-mean, variability and perhaps outliers. SMAP
consistently provides the lowest correlations with the unknown truth in all land cover types. As for
the RMSE, Noah provides lowest mean values and interquartile ranges followed by Mesonet in all

land cover types.
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Figure 3.10. Soil moisture product inter-comparison results using the TC method for Mesonet,
Noah and SMAP based on (a) CC and (b) RMSE for values at local 6 AM, over nine Oklahoma
state representative land cover types (see Table 3) from April 2015 through July 2019.

The seasonal box and whiskers distribution of the CC for each soil moisture product over
different land cover types is illustrated in Figure 3.11. During spring (Figure 3.11a), Mesonet,
followed by Noah have the highest CCmean Values over all nine land cover types. SMAP values are
consistently lower-than-Mesonet (or Noah) CCmean Values over all land cover types except for

shrub/scrub. In this land cover type, the interquartile and overall data ranges are greater for Noah

CCmean than SMAP.
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Figure 3.11. Mean correlation coefficient (CCmean) between each soil moisture product and the
TC-derived “unknown truth” at local 6 AM, over nine Oklahoma state representative land cover
types (see Table 3). Results are discretized by season: (a) spring, (b) summer, (c) fall and (d) winter
for the period from April 2015 to July 20109.

During summer (Figure 3.11b), Mesonet provides the highest correlations with the TC values
in evergreen forest, mixed forest, and shrub/scrub land covers. Noah provides similar correlative
distributions but slightly —lower —than Mesonet CCrean Values in other land cover types (e.g., open
space, grassland, developed, deciduous forest, pasture/hay and cultivated crops). On the other hand,
SMAP consistently illustrates lower —than Mesonet (or Noah) CCmean Values over all land cover
types. During Fall (Figure 3.11c), Mesonet provides the highest correlation values with the
unknown TC truth over shrub/scrub, open space, grassland, pasture/hay, and cultivated crops land
cover types. Noah has highest CCmean in developed, evergreen forest, deciduous forest, and mixed
forest. The CCmean Values of SMAP are the lowest over all land cover types. Finally, during Winter,
Mesonet provides the highest CCmean Values in all land cover types. The seasonal distributions of
the RMSE of each soil moisture product over different land cover types are shown in Figure 3.12
(a through d). In spring, summer, fall and winter, Noah provides the lowest RMSE values across
land cover types, but SMAP, the highest errors, except by winter in open space, shrub/scrub, and
grassland when the performance is similar to that exhibited by Mesonet.

In summary, the period-integrated TC intercomparison results for Mesonet, Noah, and SMAP
over different land cover types (Figure 3.10) indicate that Noah provided the best performance
(with highest averaged CC and lowest averaged RMSE values) over deciduous forest, and
pasture/hay land cover types. For the other land cover types, Mesonet has highest mean CC values,
while Noah provides lowest averaged RMSE values. SMAP exhibits the poorest performance over

all land cover types. The seasonal TC intercomparison results for Mesonet, Noah, and SMAP over
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different land cover types (Figure 3.11 and 3.12) indicate that fall, Noah provided the best
performance (with the highest averaged CC and lowest averaged RMSE values) in developed,
evergreen forest, deciduous forest and mixed forest land cover types. In spring, summer and
winter, Mesonet reaches the highest mean CC values, while Noah provides lowest averaged RMSE
values over all land cover types. SMAP exhibits the least desirable performance over all land cover
types across all seasons. In addition, the larger inter-quartile ranges presented by Noah for the
period-integrated assessment for Shrub/Scrub (Figure 3.10) seem to be induced by large
correlation variability during the Spring and Winter seasons (Figure 3.11a and d). On the other
hand, SMAP illustrates lower than Mesonet (or Noah) CCmean Values specially during spring,

summer and fall that explain the low period-integrated values.
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Figure 3.12. Mean RMSE between each soil moisture product and the TC-derived “unknown
truth” at local 6 AM, over nine Oklahoma state representative land cover types (see Table 3).
Results are discretized by season: (a) spring, (b) summer, (c) fall and (d) winter for the period from
April 2015 to July 2019.
3.5 Discussion

Soil moisture plays a critical role in the climate system and the hydrological cycle (Dingman,
2015; Seneviratne et al., 2010). However, all three main soil moisture measurements are subject
to representativeness inadequacies over various land cover types, and correct interpretation and
application of their products requires an in-depth understanding of their accuracy. Although triple
collocation analysis has been widely used in the validation of the satellite-based and modeled soil
moisture retrievals in recent years (Chen et al., 2016, 2018; Wu et al., 2020; Xu et al., 2021), here
are several knowledge gaps that still exist, including: (1) of the lack of evaluation of in-situ soil
moisture products as previous studies mainly focus on the evaluation of modeled and satellite-
based soil moisture, rather than assessment of all three sources (modeled, remote sensing and in-
situ) together; (2) There is no comprehensive evaluation of different soil moisture products at the
seasonal scale and; (3) The impact of land cover on the data quality or the representativeness of
each product is not often analyzed. This paper addresses all three of these knowledge gaps by
conducting a comprehensive assessment of the Satellite SMAP_L3, Land Surface NOAH Model,
and the interpolated Mesonet soil moisture products across Oklahoma at daily and seasonal
timescales using the TC method evaluated over different land cover types during more than 4
consecutive years.

The period-integrated TC intercomparison results for Mesonet, Noah, and SMAP over nine
Oklahoma state climate divisions indicate that Noah provided the best performance in the Central,

Northeast, and East Central regions. The same pattern is found in the seasonal TC intercomparison
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results during the Fall season. This suggests that it might be inappropriate to regard Mesonet
measurements as the benchmark in the Central, Northeast, and East Central regions of Oklahoma.
The reason why Noah has better quality and representativeness in these regions are: (1) the
Oklahoma Mesonet site standards require the sites to be far away from urban landscapes, irrigation,
forest, bare soil, fast growing vegetation, and large bodies of water to minimize those influences
(Brock et al., 1995; McPherson et al., 2007). (2) The majority land cover types of these climate
divisions are grassland with urban landscapes, pasture/hay, and deciduous forest (Figure 3.2). (3)
The Mesonet product used in our TC intercomparison is interpolated from point-scaled to match
the spatial resolution of SMAP (9 km) using the ordinary kriging method (Lakhankar et al., 2010).
This interpolation method did not consider factors including soil type, land cover and topography
that definitely affect the true variation of surface soil moisture. Therefore, our interpolated
Mesonet product might not able to well represent the true soil moisture variations in the Central,
Northeast, and East Central regions.

The seasonal TC intercomparison results for Mesonet, Noah, and SMAP over nine climate
divisions indicate that in spring and winter, Mesonet has higher mean CC values than Noah, while
Noah provides lower averaged RMSE values than Mesonet. Obviously, there is some disagreement
between the CC and RMSE metrics, i.e., Mesonet is better than Noah in terms of CC while Noah
is better than Mesonet in terms of RMSE. The reason for this is that the representativeness of errors
occurred in the TC analysis can lead to biases in the TC-based error variance estimates (Gruber et
al., 2016). In our study, TC is applied on one point-scale in situ data set (Mesonet) together with
two coarse-scale data sets that have a comparable spatial representativeness (SMAP and Noah),
even though the Mesonet product used in our TC intercomparison is interpolated from point-scale

Oklahoma Mesonet and re-gridded to the same spatial resolution of SMAP using the ordinary
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kriging method as suggested by Lakhankar et al. (Lakhankar et al., 2010). This interpolation
method, however, did not account for large scale hydrological factors including precipitation and
evapotranspiration affecting the variation of surface soil moisture. Therefore, the coarse-scale data
sets (SMAP and Noah) might better capture soil moisture spatial variations that do not appear at
the site location of Mesonet (e.g., localized rainfall events). In this case, the error variance estimate
for the coarse-scale data sets will remain unbiased since TC will penalize the in situ site for its
missing ability to capture the coarse-scale soil moisture variations (Gruber et al., 2016).

Both the period-integrated TC intercomparison and the seasonal TC intercomparison results
show that SMAP exhibits the third highest performance over all climate divisions across all
seasons. The reasons for this performance could be (1) microwave remote sensing is responsive to
surface (~5-cm) soil moisture in regions with sparse to moderate vegetation density (Entekhabi et
al., 2014) and (2) there are also challenges with retrievals in areas with complex topography, dense
vegetation, near water bodies, or cities (Parinussa et al., 2011; Wagner et al., 1999). However, it
is worth noting that in several areas in the Panhandle, West Central, and Southwest regions (Figure
3.4 and 3.5), where Mesonet and Noah exhibit low averaged CC and high averaged RMSE values
(outliers in Figure 3.10), SMAP shows better performance than these two data sets.

In terms of their performance over different land cover types, Mesonet provides the best
estimates of volumetric soil moisture over shrub/scrub, grassland, and cultivated crops, because
the Oklahoma Mesonet site standards minimize the influence of urban landscapes, irrigation, forest,
bare soil, fast growing vegetation, and large bodies of water (McPherson et al., 2007). It is
suggested that vegetation at the Mesonet sites should be uniform and low growing such as short
grasses (Brock et al., 1995). Noah provides the best estimates of volumetric soil moisture over

hay/pasture, deciduous forest, mixed forest, and evergreen forest.
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One limitation of this study is that the Mesonet product used in our TC intercomparison is
interpolated from point-scaled Oklahoma Mesonet to spatial resolution of SMAP (9 km) using
ordinary kriging. Future work could use regression kriging approaches and include independent
predictors such as soil properties, land cover, topography and precipitation to increase the accuracy

of the interpolated Mesonet product.

3.6 Conclusions

The objective of this chapter was to cross-evaluate the accuracy and error characteristics of
the most commonly used, yet independent, satellite, model-based, and in situ soil moisture
products. Specifically, the assessment of the SMAP L3 SM P E (i.e., SMAP),
NLDAS NOAHO0125 H (i.e., Noah), and interpolated Oklahoma Mesonet (i.e., Mesonet) soil
moisture products at daily and seasonal timescales was conducted over Oklahoma using the triple
collocation method. Moreover, their performances were evaluated over different land cover types.
Several conclusions are summarized as follows:

1. At the daily timescale, the interpolated Oklahoma Mesonet and Noah are found to be
more reliable than SMAP for all metrics. Specifically, Mesonet provides the best
estimates of volumetric soil moisture with a mean Pearson correlation coefficient of
0.805, followed by Noah with 0.747. However, Noah represents the true soil moisture
variation better than our interpolated Mesonet product at meso-scale with an averaged
RMSE of 0.026 m3/m3. The period-integrated TC intercomparison results for
Mesonet, Noah, and SMAP over nine climate divisions indicate that Noah provided

the best performance in the Central, Northeast, and East Central regions. Moreover,
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the same pattern is found in the seasonal TC intercomparison results for Mesonet,
Noah, and SMAP over nine climate divisions during the Fall season.

2. Atdissaggregated seasonal time scales, the interpolated Oklahoma Mesonet and Noah
are found to be more reliable than SMAP for all metrics in all four seasons
Specifically, Mesonet provides the best estimates of volumetric soil moisture with an
averaged correlation coefficient of 0.753, 0.807, 0.855, and 0.811 in spring, summer,
fall and winter respectively. However, Noah provides the best performance in
representing the true soil moisture variation with an averaged RMSE of 0.0229,
0.0244, 0.0204, and 0.0217 m3/m3 in each season respectively.

3. In terms of their performance over different land cover types, Mesonet provided the
best estimates of volumetric soil moisture over shrub/scrub, grassland, and cultivated
crops but Noah provided the best estimates of volumetric soil moisture over
hay/pasture, deciduous forest, mixed forest, and evergreen forest. This illustrates that
Oklahoma Mesonet site standards minimize the influence of urban landscapes
irrigation, forest, bare soil, fast growing vegetation, and large bodies of water
(McPherson et al., 2007). It is suggested that vegetation at the site should be uniform
and low growing such as short grasses (Brock et al., 1995).

The TC method-based results of this study can potentially provide a new perspective for
comparatively assessing multi-source soil moisture products and a basis for objective data merging
to capitalize the strengths of the multi-sensor soil moisture products for the State of Oklahoma and

beyond.
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Chapter 4 Triple Collocation-based Merging of Ground-based, Satellite and

Land Surface Model Soil Moisture Products

Abstract

This chapter adopted an objective methodology in blending multisource soil moisture
products, identified the importance of incorporating in-situ measurements and quantified the
impact of different weighting schemes on soil moisture blending. Soil moisture information from
multiple sources, including satellite (SMAP_L3), land surface model (NLDAS-2 Noah), and in-
situ measurements (interpolated Oklahoma Mesonet values), are used to generate blended soil
moisture products at a 9-km spatial resolution and daily temporal resolution in Oklahoma. The
merged product is validated against an in-situ-based soil moisture product data and shows better
performance than both the equal weighting merged and SMAP Level 4 soil moisture products.
Results indicate that: (1) the TC-LSW approach-based merging scheme is more appropriate than
the equal weighting merging scheme; (2) in-situ measurements are valuable for improving the
accuracy of blended soil moisture datasets; and (3) using multiple sources of soil moisture helps
to reduce the overall uncertainty in the soil moisture estimates. The resulting combined soil
moisture estimate is an improvement over currently available soil moisture products due to its
reduced uncertainty and can be used as a standalone soil moisture product with available

uncertainty estimates.

4.1 Introduction
Soil moisture is a critical component of the climate system and the hydrological cycle
(Dingman, 2015; Seneviratne et al., 2010). Understanding and predicting agricultural and water

resource management (Mohd Kassim et al., 2014), runoff and flooding (Brocca et al., 2010; Crow
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et al., 2005), drought monitoring (Gu et al., 2008; Zhang et al., 2017), weather and climate
forecasting (Capecchi & Brocca, 2014; Scipal et al., 2008), and landslides (Brocca et al., 2012;
Ray et al., 2010) depend on knowledge of soil moisture variations.

Currently, soil moisture can be estimated through three primary approaches: (1) in-situ
measurements, (2) remote sensing observations, and (3) Land Surface Models (LSM). In-situ soil
moisture measurement techniques have the advantage of easy installation, high spatial and
temporal resolutions, and the ability to measure soil moisture at different depths (Peng et al., 2017).
Therefore, these measurements are normally recognized as the “ground truth” in validating and
calibrating remote sensing and land surface model-based soil moisture retrievals. However, since
soil moisture variability generally increases with extent scale (Famiglietti et al., 2008), these point
measurements are not able to provide spatial representativeness of neighboring areas over a range
of scales (Crow et al., 2012; Ochsner et al., 2019; Peng et al., 2017). Although previous studies
have used geostatistical techniques to extrapolate in-situ soil moisture measurements to larger
scales, these methods are usually complex, time-consuming, and depend on the availability of
high-resolution auxiliary variables, especially over land surfaces with high spatial heterogeneity
(Kang et al., 2021; Ochsner et al., 2019; Qin et al., 2013; Wang et al., 2015; Zhang et al., 2017).
LSM can provide soil moisture estimates at various depths with high spatio-temporal resolution at
larger scales. For example, the four LSMs (Noah, SAC-SMA, VIC, and Mosaic) of the North
American Land Data Assimilation System phase 2 (NLDAS-2) simulate hourly soil moisture over
the conterminous United States (CONUS), the southern part of Canada, and the northern portion
of Mexico with a 1/8° latitude-longitude resolution at various depths (Xia et al., 2014). However,
uncertainties due to model forcing, parameters, structure, and calibration affect the reliability of

these soil moisture estimates (Xia et al., 2014). Finally, soil moisture retrievals of remote sensing
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data, especially satellite microwave observations from active and passive sensors, have gained
momentum over the past 20 years (Mohanty et al., 2017). For example, some promising satellites
available in the orbit include: the Advanced Microwave Scanning Radiometer 2 (AMSR2)
(Imaoka et al., 2010), Advanced Scatterometer (ASCAT) (Wagner et al., 2013), Soil Moisture and
Ocean Salinity (SMOS)(Kerr et al., 2001), Soil Moisture Active and Passive (SMAP) Mission
(Entekhabi et al., 2010). Various soil moisture products at regional or global scales have been
retrieved from these active and passive sensors and validated against extensive field campaigns
(Brocca et al., 2011; Dorigo et al., 2015; Jackson et al., 2012; Wagner et al., 2013). However, due
to the limited penetration depth of microwave signals, sensors can only measure the surface soil
moisture (e.g., top 5 cm of the soil column) under low to moderate vegetation cover conditions
(Crow et al., 2012; Entekhabi et al., 2014). Moreover, they cannot detect soil moisture under snow
or ice, or in frozen soils (Entekhabi et al., 2014). In summary, each source of soil moisture
estimates is not perfect and has characteristic uncertainties. Therefore, it is desirable to merge
independent products to obtain a more accurate estimate.

Data assimilation using Kalman filter-based methodologies is one of the most commonly used
approaches for merging different products while taking into account their relative uncertainties
(Yilmaz et al., 2012). For example, the SMAP Level-4 soil moisture product is generated by a data
assimilation system that combines L-band brightness temperature measurements, precipitation
observations, and the NASA Catchment land surface model (R. H. Reichle et al., 2017). However,
the integration of independent data sources using Kalman filter-based methodologies in land data
assimilation studies may not be optimal because these methodologies often rely on prior
knowledge of product uncertainties which is arguably subjective (Crow & Loon, 2006; R. H.

Reichle et al., 2008). Therefore, Yilmaz et al. (Yilmaz et al., 2012) introduced an objective
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methodology which is less dependent on uncertain, user-defined error assumptions for blending
satellite- and model-based SM products in the least squares framework where uncertainty
estimates for each product are obtained using the triple collocation method. This chapter adopts
the same methodology to blend the in-situ, remote sensing, and modeled soil moisture datasets.
Therefore, the overarching goals of this chapter are to (1) adopt an objective methodology
introduced by Yilmaz et al. (Yilmaz et al., 2012) in blending multisource soil moisture products
in Oklahoma as a case study and (2) evaluate the effect of incorporating in situ observations into
soil moisture blending. Specifically, this chapter adopts the Triple Collocation (TC) based least
square weighting method to merge the Satellite SMAP_L3, Land Surface Noah Model, and the
interpolated Mesonet soil moisture products across Oklahoma and compares the merged product
(OU-MSSM) with the equal weights merging product (AVE) and SMAP L4 soil moisture products
using the Automated Soil Moisture Mapping System as the benchmark. The rest of the chapter is
organized as follows: Section 4.2 details the data and study area; Section 4.3 describes the methods
and data processing; Section 4.4 presents the results and analysis; Section 4.5 provides discussion;

and the Section 4.6 provides conclusions for this study.

4.2 Data Sources
4.2.1 The Automated Soil Moisture Mapping System

The fully automated system developed by Ochsner et al. (2019) applied regression kriging to
several data sets: daily soil moisture measurements from the Oklahoma Mesonet, sand content
estimates from the Natural Resource Conservation Service Soil Survey Geographic Database, and
an antecedent precipitation index computed from National Weather Service multi-sensor

precipitation estimates. This mapping system provides daily statewide maps of soil moisture at 5-
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, 25-, and 60-cm depths at 800-m resolution from 2015-09-01 to present with a mean absolute error
of <0.0576 cm3 /cm3 across all three depths. This product is used in this study as a benchmark
when comparing the blended soil moisture products and SMAP L4 product and is referred to as

the OSU soil moisture measurement in the following contents.

4.2.2Tthe Oklahoma Mesonet Soil Moisture Measurements

Established in January 1994, the Oklahoma Mesonet is a multipurpose network operating
more than 110 automated stations with at least one station in each of Oklahoma’s 77 counties
(Brock et al., 1995; McPherson et al., 2007). Quality-assured data including temperature, humidity,
solar radiation, wind speed and direction, and soil moisture are available through an operations
center located at the Oklahoma Climatological Survey (OCS). Soil moisture data are collected
every 30 min by soil moisture sensors at each site at four different depths (5, 25, 60, and 75 cm
below the surface; Iliston et al., 2008). Since the TC analysis requires three spatially and
temporally collocated measurement systems and SMAP measurements are available from
03/31/2015, the Mesonet soil moisture measurements of 115 Mesonet sites ranging from
04/01/2015 to 07/01/2019 were used in this study (see Figure 1). Since the data points are spread-
out across the state, interpolation was conducted using ordinary Kriging, as previously suggested
by (Lakhankar et al., 2010) and then re-gridded to 9 km. The re-gridded Oklahoma Mesonet soil
moisture measurements were used as an independent data source of OU-MSSM in the objective

methodology introduced by Yilmaz et al (2012).
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4.2.3 NLDAS-2 Noah Soil Moisture Estimations

The Noah model is a land surface model (LSM) of the phase 2 of the North American Land
Data Assimilation System (NLDAS-2), generating energy fluxes, water fluxes, and state variables
(e.g., soil moisture) (Xia et al., 2014). It provides hourly soil moisture fields at 1/8° resolution
from 1979 to present at four soil layers: 0-10, 10-40, 40-100, and 100-200 cm. Noah uses a
dominant vegetation type with a varied root depth (e.g., 100 cm for grassland and 200 cm for forest
and woodland). Details about the NLDAS-2 Noah LSM can be found in (Xia et al., 2012). In this
study, the hourly soil moisture simulations of NLDAS-2 Noah model between the period of 04-
01-2015 to 07-01-2019 (GES DISC Dataset: NLDAS Noah Land Surface Model L4 Monthly
Climatology 0.125 x 0.125 Degree V002 (NLDAS_NOAH0125 MC 002), n.d.) were used as an
independent data source of OU-MSSM in the objective methodology introduced by Yilmaz et al
(2012).
4.2.4 SMAP L3 and L4 Soil Moisture Retrievals

The Soil Moisture Active Passive (SMAP) mission has been providing global L-band
brightness temperature observations and surface soil moisture retrievals since 31 March 2015 at
about 40-km resolution from a 685-km, near-polar, sun-synchronous orbit (Entekhabi et al., 2010).
In total, the SMAP mission has generated 24 distributable data products representing four levels
of data processing. In this study, the SMAP Enhanced L3 Radiometer Global Daily 9 km
EASEGrid Soil Moisture, Version 3 (L3_SM_P_E; [40]) product was used as an independent data
source of OU-MSSM in the objective methodology introduced by Yilmaz et al. (2012) because it
can satisfy the independency assumption of triple collocation analysis (Stoffelen, 1998). It is a
daily global composite of gridded surface soil moisture retrievals of 6:00 am (descending) and

6:00 pm (ascending). The SMAP L3 _SM_P_E product pertaining to the period from 04-01-2015
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to 07-01-2019 were used in this study (ONeill et al., 2019). The SMAP Level-4 soil moisture
product is generated by a data assimilation system that combines L-band brightness temperature
measurements, and precipitation observations with the NASA Catchment land surface model
(Reichle et al., 2017). Surface (0-5 cm) and root zone soil moisture (0-100 cm) are available every
three hours on a global grid with 9-km spacing within about three days from the time of observation
(Reichle et al., 2017). The SMAP Level-4 surface soil moisture product (SMAP L4) between the
period of 04-01-2015 to 07-01-2019 was used in this study in the comparison with the merged
product using the OSU soil moisture measurement as benchmark (Reichle et al., 2020) .

4.2.5 Auxiliary Data

4.2.5.1 The National Land Cover Dataset 2016

To compare the performance of the three soil moisture products (OU-MSSM, AVE and SMAP
L4) over different land cover types, the national land cover dataset (NLCD) 2016 product was used
in this study. The NLCD provides nationwide data on continental U.S. land cover and land cover
change at a 30 m resolution with a 16-class legend based on a modified Anderson Level Il
classification system. There are fifteen land cover types within the state of Oklahoma as shown in

Figure 4.1.
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Figure 4.1. The distribution of in situ soil moisture stations from the Oklahoma Mesonet on a
National Land Cover Dataset (NLCD) land cover type (for year 2016) map.

4.2.5.2 Oklahoma Climate Divisions

The performance of the three soil moisture products (OU-MSSM, AVE and SMAP L4) were
also compared over nine climate divisions in Oklahoma (Figure 4.2). These nine divisions
correspond to multiple factors such as climatic conditions, county lines, crop districts, and drainage
basins rather than strict climatic homogeneity (Guttman & Quayle, 1996; IlIston et al., 2004). Each
climate division represents a section of the state that is considered to have homogeneous weather
and climate patterns. The hottest temperatures in the state usually occur in the south, with cooler
conditions towards the north (llIston et al., 2004). In addition, the division that typically receives

the least amount of precipitation (504 mm/year) is the extreme northwest division (the Oklahoma
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panhandle), while increased precipitation is observed toward the southeast (1200 mm/year; Illston

et al., 2004). As a result, the climate of Oklahoma varies significantly across the state.

4.25.3 STATSGO Soil Texture

The performance of the three soil moisture products (OU-MSSM, AVE and SMAP L4) were
also compared over different soil textures in Oklahoma (Figure 4.2). The soil texture data (spatial
resolution 9 km) was aggregated from the 1-km STATSGO database of Miller and White [1998]
(Miller & White, 1998), which carries 16 texture classes by layer over 11 layers to 2-m depth.
There are seven texture classes in Oklahoma including sand, sandy loam, silt loam, loam, silty clay
loam, clay loam, and clay (Figure 4.2).
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Figure 4.2. Oklahoma climate divisions and the 9-km STATSGO database derived soil texture
classes.

4.3 Methodology
The soil moisture blending schemes used in this chapter were introduced by Yilmaz et al.

(2012). Triple Colocation (TC) is used to estimate the error variances of parent products, including
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the re-gridded Oklahoma Mesonet soil moisture measurements (Mesonet), the soil moisture
simulations of NLDAS-2 Noah model (Noah), and the SMAP Level-3 soil moisture product
(SMAP L3). Least square weighting (LSW) is used to merge these products. The merged product
is named the University of Oklahoma Multi-Sensor Soil Moisture (OU-MSSM). We also compare
the OU-MSSM with the equal weights merging product (AVE) and the SMAP L4 soil moisture

product using the automated soil moisture mapping system as benchmark.

4.3.1 Triple Collocation

Triple collocation (TC) analysis is a method for estimating the random error variances of three
spatially and temporally collocated measurement systems of the same geophysical variable without
treating any one system as perfectly observed “truth” (Stoffelen, 1998). A few assumptions are
necessary for the TC method: (1) linearity between the true soil moisture signal and the
observations, (2) signal and error stationarity, i.e., their mean values and variances are assumed to
remain constant over time, (3) error orthogonality, i.e., the errors are independent from the true
soil moisture signal, (4) the errors of three independent products should be independent or
unrelated which means they must have a zero cross-correlation, and (5) the expectation of error is
treated as zero. Even though some studies indicate that some of the assumptions are not always
met, no proposed alternatives showed an enhanced accuracy or reliability of the error estimates
(Gruber et al., 2016). For example, the difference between the climatology of the three data sets
used in TC will led to the violation of signal stationarity. However, the adaptation proposed by
many studies through removing the climatology of each data set individually is susceptible to
estimation errors of the climatology (Crow et al., 2012; Draper et al., 2013; Gruber et al., 2016).

The error stationarity of large data sets covering several years limits the representativeness of the
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estimated average random error variance for subset time periods such as within different seasons.
Therefore, Lowe and Schlenz (Loew & Schlenz, 2011) proposed a dynamic TC approach by
applying TC analysis within 30-day windows. However, the extremely low sampling density in
the time window leads to very low precision estimates. Therefore, the TC analysis in our study
relies on annual error variance estimates based on a large sampling density. Yilmaz and Crow
(Yilmaz & Crow, 2014) conducted experiments on the TC errors due to the relevance of three
products, and the results revealed that the more independent the products are, the less TC induced
error there will be. It is essential to consider the relevance of the inputs in order to make the TC
method more reliable (Li et al., 2018). The three selected soil products selected, i.e., ground based
(Mesonet), model based (Noah), and satellite based (SMAP L3), all meet the above criteria.

The TC method treats all three independent products as equally important, and thus no
preference or bias is introduced for any one approach. Equation (4.1) illustrates a standard form of

the TC method (Zwieback et al., 2012):

Ri = a; + blT + &; (41)

Where R; (i € (X,Y,Z2)) indicates each of the three collocated soil moisture datasets X, Y and
Z, T is the “relative truth,” a;, b; are the weights and biases to adjust, and €; represents the error for
each product i. Given this definition, the covariances between pairs of two different measurement

systems (e.g., X and Y) would be given by

COU(Rx, Ry) = E(Rny) - E(Rx)E(Ry) = bbeO'% + bXCOU(T, Sy) + byCOU(T, SX) +

Cov(ey, &y) (4.2)
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Where g2 = Var(T). According to assumptions (3), (4), (5), E(sx) =0, (Cov(ey, &) =

0,X #Y), (Cov(T,ex) = 0). Therefore, equation (4.2) reduces to

) ~ bybyo? forX #Y
Qxy = Cov(Ry, Ry) = {b)z(a% +oZ, forX=Y

(4.3)
Where g2, = Var(ex). Since there are seven unknowns (by, by, bz, 0y, O, O, 0r) in SiX

equations in the 3 x 3 covariance matrix (Qxx, Qxy, Qxz, Qvy, Qyz, Qzz), there is no unique solution.

However, the introduction of a new variable 6y = byoy, changes (4.3) to

Cov(Ro R 050y forX Y
QXY - 017( X Y) - H)% + O.SZX fOTX =Y

4.4)
From equation (4.4), we now have six unknowns in six equations and are able to calculate the
root mean square error (RMSE) in the set of equations (4.5) that are based on the covariance of

triplets (McColl et al., 2014):

( QxyQxz
QXX - Q
YZ
QxyQyz
e =4 [Qyy — Oxz (4.5)
QxzQyz
\ QZZ Qxy
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4.3.3 Least square weighting

Least square weighting (LSW) is a commonly used method for blending different soil
moisture data sources (Gruber et al., 2019; Yilmaz et al., 2012; Zeng et al., 2016; Zhang et al.,
2021). The least square framework can be expressed as:

Sm = WxSy + wy Sy, +w,S, (4.6)

Where, S, is the merged product, w,, w,,, and w, are the relative weights of three parent
datasets Sy, S, and S, respectively. With w, + w,, + w, = 1, and by minimizing a cost function
and the partial derivative of the cost function with respect to w, ,w,, and w,, the optimal

estimation of the weights are obtained from:

o507

w, = 4.7
x 0f05+0%0%+050% ( )
2 2
Ox0z
w, = 4.8
y 0305+050%+050% ( )
2, 2
020}
w, = 4.9
z 0305+050%+050% ( )

Where, o, o5, and o are the TC-estimated error variance for the parent datasets.

4.3.4 Goodness of fit and example product intercomparison
The Pearson correlation coefficient (R), bias, and the root mean square error (RMSE) between
blended products (OU-MSSM, AVE and SMAP L4) and the automated soil moisture mapping

system are used for the comparison of the blended products.

4.3.5 Daily time series product inter-comparison
An example one-month multi-product (i.e., OU-MSSM, AVE, SMAP_L4 and OSU
benchmark) performance intercomparison is also presented to provide an illustrative example of
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all products performance during rainy and non-rainy days during a typical rainy summer season in

Oklahoma.

4.4 Results
4.4.1 Weights from LSW

The LSW scheme is adopted with TC-estimated error variance to calculate the weights of the
triplet of the SMAP L3, Noah, and Mesonet soil moisture products (Figure. 3). According to LSW
theory, the weight of the parent products is inversely proportional to the error variance. Therefore,
for this triplet, Noah has the highest mean weight (0.56), followed by Mesonet (0.28), and SMAP
L3 has the smallest mean weights (0.16). Spatially, the large weights (> 0.56) for Noah are
clustered in east Oklahoma, while the small weights are in western Oklahoma (Figure. 4.3b). The
high weights (> 0.28) for Mesonet are concentrated in the Panhandle, West Central and Southwest
regions (Fig. 4.3a). The weights of SMAP L3 below 0.2 are throughout most of the study area;
however, large weights (> 0.2) are shown in areas where both Noah and Mesonet has very small

weights (Figure 4.3c).
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Figure 4.3. Map of the least square weighting (LSW)-derived weights based on the TC estimated
error variance using soil moisture. Subfigures (a) to (c) illustrate the spatial distribution of weights
for each product.
4.4.2 Evaluation of blended products

Figure 4.4 provides a quantitative evaluation of the blended products (OU-MSSM, AVE) and
SMAP L4 using the OSU daily soil moisture measurements based on Pearson correlation
coefficient (CC; first row in Figure 4.4), Root Mean Square Error (RMSE; second row), and bias
(third row). The OU-MSSM presents the highest averaged CC value (0.87), followed by AVE
(0.82), while the SMAP L4 has the lowest averaged CC value (0.76). Based on a one-way ANOVA
test, the three products have significantly (p<0.05) different CC values from each other. Spatially,
the high CC values (> 0.9) for OU-MSSM are concentrated in the West Central, Southwest and
Northeast regions. In terms of RMSE, the OU-MSSM presents the lowest mean RMSE value
(0.06), followed by AVE (0.063), while the SMAP L4 has highest mean RMSE value (0.084).
Based on a one-way ANOVA test, the three products have significantly (p<0.05) different RMSE
values from each other. Particularly, the low RMSE (< 0.05) for OU-MSSM are clustered in east
Oklahoma, while the high values (> 0.07) are in west Oklahoma. As with the bias evaluation, the
OU-MSSM and the AVE present positive averaged bias values (0.05 and 0.03 respectively), while
the SMAP L4 has the negative averaged bias value (-0.138). A one-way ANOVA test was also
performed on the bias of the three products, and the results show that the OU-MSSM has
significantly (p<0.05) larger bias than the AVE product. Spatially, both OU-MSSM and AVE

show high positive bias in Panhandle region.
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Figure 4.4. Evaluation of the blended products (OU-MSSM, AVE) and SMAP L4 using the OSU
daily soil moisture measurements based on: (a) Pearson correlation coefficient (CC, first row), (b)
Root Mean Square Error (RMSE, second row), and (c) the Bias (BIAS, third row).

Figure 4.5 provides a quantitative comparison of the blended products (OU-MSSM, AVE)
and SMAP L4 with the OSU daily soil moisture measurements in terms of (a) Pearson correlation
coefficient, (b) root mean square error, and (c) bias over the nine climate divisions of Oklahoma.
In terms of CC, OU-MSSM shows the highest correlations with the OSU data over all nine climate
divisions, followed by AVE. SMAP L4 provides the lowest correlations with the OSU product
over all nine climate divisions. As for the RMSE, SMAP L4 provides the highest RMSE over all
nine climate divisions. OU-MSSM shows lowest RMSE in Panhandle, West Central and
Southwest. In other six climate divisions, OU-MSSM and AVE have similar RMSE values. For
bias, SMAP L4 shows negative mean bias in most climate divisions except Southeast. In Southeast,
its bias ranges from -0.35 to 0.56 with a mean bias of 0.117. Both OU-MSSM and AVE have

positive mean bias in all nine climate divisions. OU-MSSM has larger bias than AVE in Southeast,
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South Central, North Central, Northeast, Central and East Central, while it has same bias with

AVE in the Panhandle, West Central, and Southwest.
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Figure 4.5. Comparison of the blended products (OU-MSSM, AVE) and SMAP L4 over nine
climate divisions in Oklahoma: (a) Pearson correlation coefficient, (b) Root Mean Square Error,
and (c) the Bias. All metrics use the benchmark (OSU) daily soil moisture product.
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Figure 4.6 provides a quantitative comparison of the blended products (OU-MSSM, AVE)
and SMAP L4 with the OSU daily soil moisture measurements in terms of (a) Pearson correlation
coefficient, (b) root mean square error, and (c) bias over the different land cover types in
Oklahoma. In terms of CC, OU-MSSM shows the highest correlations with the OSU data over all
land cover types, followed by AVE. SMAP L4 provides the lowest correlations with the OSU
product over all land cover types. As for the RMSE, SMAP L4 provides the highest RMSE over
all land cover types. OU-MSSM shows lowest RMSE in all land cover types except mixed forest.
In mixed forest, OU-MSSM and AVE have similar RMSE values. For the bias, SMAP L4 shows
negative mean bias in most land cover types except mixed forest and evergreen forest. In these
two land cover types, SMAP L4 has large ranges of bias (-0.56 to 0.56 and -0.49 to 0.45) which
may be attributed to tree canopy and dense vegetation (Zeng et al., 2016). The OU-MSSM has
smaller mean bias than AVE in shrub/scrub and developed, on the other hand, it has larger mean

bias than AVE in mixed forest, evergreen forest, and deciduous forest.
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Figure 4.6. Comparison of the blended products (OU-MSSM, AVE) and SMAP L4 over different
landcover types in Oklahoma: (a) Pearson correlation coefficient (CC), (b) Root Mean Square
Error (RMSE), and (c) the Bias. All metrics use the (OSU) daily soil moisture as benchmark
product.
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Figure 4.7 provides a quantitative comparison of the blended products (OU-MSSM, AVE)
and SMAP L4 with the OSU daily soil moisture measurements in terms of (a) Pearson correlation
coefficient, (b) root mean square error, and (c) bias over the different soil texture types in
Oklahoma. In terms of CC, OU-MSSM shows the highest correlations with the OSU data over
loam, sandy loam, clay loam, silt loam, and clay, followed by AVE. SMAP L4 provides the lowest
correlations with the OSU product over these soil texture types. For sand soil type, OU-MSSM,
AVE, and SMAP-L4 have similar averaged CC values (0.746, 0.77, and 0.753 respectively), while
OU-MSSM and AVE have several small outliers. For silty clay loam, OU-MSSM has the highest
correlations with the OSU product (0.856), followed by SMAP-L4 (0.761) and AVE (0.728). As
for the RMSE, SMAP L4 provides the highest RMSE over all soil texture types. OU-MSSM shows
lowest RMSE in all soil types except sand and clay. In these two soil types, OU-MSSM and AVE
have similar RMSE values (0.06 vs. 0.065, 0.063 vs. 0.0625). For bias, SMAP L4 shows negative
mean bias in most soil types except clay. In clay soil type, all three products show positive mean
bias. Among them, OU-MSSM has the largest positive mean bias. Both OU-MSSM and AVE have
positive mean bias in all soil types except sandy loam and sand. In sandy loam, both products show
similar negative mean bias (-0.01). In sand type, both products show negative mean bias and OU-
MSSM has smaller negative mean bias than AVE. In loam, silty clay loam, clay loam and silt loam
soil types, both OU-MSSM and AVE have positive mean bias, and OU-MSSM has larger positive

mean bias than AVE.

125



(a)

0.9
0.8

0.7

0.6

CC

0.5

0.4

0.3

(b) 0200
0.175

0.150
0.125

RMSE

0.100
0.075
0.050
0.025

0.000
(C) 1.00

0.75

0.50

0.25

Bias

0.00

-0.25
B OU-MSSM
W AVE

N SMAP L4

-0.50

Figure 4.7. Comparison of the blended products (OU-MSSM, AVE) and SMAP L4 over different
soil types in Oklahoma: (a) Pearson correlation coefficient, (b) Root Mean Square Error, and (c)
Bias. All metrics use the (OSU) daily soil moisture as benchmark product.
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Figure 4.8 displays a time series of Mesonet daily precipitation with the corresponding OU-
MSSM, AVE, SMAP L4 and OSU benchmark surface soil moisture products (5 cm soil depth) at
one pixel (9km * 9km) during one month summer period (August 2016) that included several
rainfall events. This is in the Southwest climate division corresponding to clay loam soil and
cultivated crops vegetation. The patterns of OU-MSSM and AVE are consistent with the OSU soil
moisture product, which respond well to the change of rainfall. The increasing and decreasing of
soil moisture follows that of the precipitation and the lags between soil moisture of the three
products and the precipitation are approximately the same. Moreover, the larger the amount of
precipitation, the larger the surface soil water content. The pattern of SMAP L4 is different from
the other three soil moisture products. Its soil water content rises at the same time when
precipitation rises. Moreover, the soil water content rises to the same level where rainfall amount

differs.
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Figure 4.8. Precipitation (inch; vertical bars) and soil water content (cm3/cmq) time series from of
OU-MSSM, AVE, SMAP L4 and OSU soil moisture products for one example location with
coordinates (lat= 34.938, lon= -99.063) corresponding to clay loam soil, cultivated crops
vegetation and located in the Southwest climate region of Oklahoma.
4.5 Discussion

This study adopted an objective methodology introduced by Yilmaz et al. (2012) in blending
multisource soil moisture products in Oklahoma. The LSW scheme is adopted with TC-estimated
error variance to calculate the weights of the parent products (the SMAP_L3, NLDAS Noah, and
the interpolated Mesonet). The results show that the high weights of each product are clustered in
different regions of Oklahoma. Specifically, the large weights (> 0.56) for NLDAS Noah are
clustered in east Oklahoma, the high weights (> 0.28) for Mesonet are concentrated in the
Panhandle, West Central and Southwest regions and the large weights (> 0.2) of SMAP L3 are

shown in areas where both Noah and Mesonet have very small weights. This suggests that each

product might not be able to represent the true soil moisture variations in Oklahoma individually.
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This might be due to the characteristics of these soil moisture measurements. For example, the
Oklahoma Mesonet site standards require the sites to be far away from urban landscapes, irrigation,
forest, bare soil, fast growing vegetation, and large bodies of water to minimize those influences
(Brock et al., 1995; McPherson et al., 2007). Therefore, it is meaningful to merge independent
products from multiple sources (satellite, model, in-situ) to obtain a more accurate estimate.

In this study, the TC-LSW approach-based merging product (OU-MSSM) was also compared
with an equal weighting approach-based blending product (AVE) and SMAP L4. The OU-MSSM
has the highest correlation with the OSU daily soil moisture measurement with the lowest mean
RMSE value, while SMAP L4 has the lowest correlation with the OSU daily soil moisture
estimates with the highest mean RMSE value. Spatially, the OU-MSSM provided the best
estimation of volumetric soil moisture in the Panhandle, West Central and Southwest climate
divisions. It is because the weights of resampled Mesonet composites the OU-MSSM are the
highest in these climate divisions and the resampled Mesonet has the highest correlation with the
true soil moisture according to our previous study. While in other six divisions, the OU-MSSM
has the highest averaged CC and lowest averaged RMSE it also shows larger positive bias than
AVE. The SMAP L4 has the third best estimation of volumetric soil moisture in all nine climate
divisions. Moreover, SMAP L4 shows negative mean bias in most climate divisions except
Southeast. In Southeast, its bias ranges from -0.35 to 0.56 with a mean bias of 0.117. This large
range of bias may be attributed to tree canopy and dense vegetation because higher vegetation
intensity will reduce the quality of soil moisture retrieval (Zhang, et al., 2017). Fan et al.(Fan et
al., 2020) also found that SMAP underestimates soil moisture in global vegetation-disturbed areas,
which are related to negative biases in MERRA temperature data. However, the bias in this study

(-0.138) is larger than some studies assessing SMAP L4 surface soil moisture product with in situ
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measurements in the United States ((Tavakol et al., 2019) (bias = -0.006)), ((Reichle et al., 2017)
(bias = -0.01)). This might be because the in-situ measurements used in this study are regression
kriging-based interpolated in situ soil moisture measurements. The results indicate that (1) the TC-
LSW approach-based merging scheme appears to be more optimal than the equal weighting
merging scheme; (2) in-situ measurements are valuable for improving the accuracy of blended soil
moisture datasets; (3) using multiple sources of soil moisture helps to reduce the overall
uncertainty in the soil moisture estimates.

This study also provided a comparison of the blended products (OU-MSSM, AVE) and SMAP
L4 over different land cover types and soil types in Oklahoma. The results indicate that the OU-
MSSM has the best performance in all land cover types except mixed forest, evergreen forest, and
deciduous forest. In these three land cover types, the OU-MSSM has larger mean positive bias
than AVE. This might be because in these three land cover types, NLDAS2 Noah has more weight
in the OU-MSSM calculations than in AVE, and NLDAS2 Noah displays large biases when
compared to in situ observations according to Xia (Xia et al., 2014). As with soil types, the OU-
MSSM has best performance in all soil types except sand. The OU-MSSM has similar performance
with AVE in sand soil type.

These findings should be placed in context by acknowledging the study limitations, including:
(1) the soil moisture products used in this study were all extracted from 6 a.m. observations.
However, a temporal mismatch may still exist due to the different temporal resolutions of each
soil moisture product. Future work can adopt methods to ensure the temporal coherence of
different datasets; (2) The Mesonet product used in the TC intercomparison is interpolated from
point-scaled Oklahoma Mesonet to spatial resolution of SMAP (9 km) using the ordinary kriging

method. Future work could use regression kriging approaches and including independent
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predictors such as soil properties, land cover, topography and precipitation to increase the accuracy
of the interpolated Mesonet product; (3) Further study is required to test whether these conclusions
are valid in other regions. Indeed, a primary advantage of blending in-situ soil moisture is its
representation of root zone. The focus of our next step is to apply the methods developed here for

blending root zone soil moisture from in-situ and model sources.

4.6 Conclusion
This chapter adopted an objective methodology introduced by Yilmaz et al. (Yilmaz et al.,
2012) in blending multisource soil moisture products in Oklahoma, identified the importance of
incorporating in-situ soil moisture into soil moisture blending and quantified the impact of
different weighting schemes on soil moisture blending. Soil moisture information from multiple
sources, including satellite (SMAP_L3), land surface model (NLDAS-2 Noah), and in-situ
measurements (the interpolated Mesonet), are used to generate blended soil moisture products at
a 9-km spatial resolution and daily temporal resolution. TC was used to estimate the error variance
of the parent products, and LSW was used to generate blended soil moisture products. An equal
weighting approach (AVE) and SMAP L4 were also compared with the TC-LSW approach.
Several conclusions are summarized as follows:
(1) the TC-LSW approach-based merging scheme is more optimal than the equal
weighting merging scheme.
(2) in-situ measurements are valuable for improving the accuracy of blended soil moisture
datasets.
(3) using multiple sources of soil moisture helps to reduce the overall uncertainty in the

soil moisture estimates.
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(4) the OU-MSSM has best performance in all land cover types except mixed forest,
evergreen forest, and deciduous forest.
(5) the OU-MSSM has best performance in all soil types except sand.
The resulting combined soil moisture estimate can be used as a standalone soil moisture

product with available uncertainty estimates.
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Chapter 5 Summary and Conclusions

5.1 Overall Conclusions

Subsurface water is liquid water found below the ground surface, including soil water above
the water table and ground water below the water table, but does not include water chemically
bound to minerals or organic matter. Two important topics related to subsurface water in
Oklahoma have aroused the interest of more and more scientists: the wastewater injected into the
ground during the oil and gas production and the excess or scarcity of surface soil moisture. This
dissertation aims to develop contributions to two important topics for the sustainability of
Oklahoma that are related to earthquakes and water resources: (1) the effects of deep underground
waste-water injection on triggering regional seismicity and (2) the quantification of state-wide
shallow-soil water content as a new tool for multiple applications in reservoir management, water
resources, agriculture, natural hazards, water management.

Chapter 2 gathered comprehensive datasets of oil and gas industry-related wastewater
injection volumes and earthquakes number with associated event magnitudes from 2006 to 2017
over the entire state of Oklahoma. Data were analyzed to remove those seismic events below the
threshold of magnitude completeness. First, we explored the spatiotemporal variability of both
processes and concluded that a high correspondence between the two that supports the hypothesis
that the recent boom in oil and gas production through unconventional methods with wastewater
injection was potentially responsible for the upsurge in the state’s seismic activity during 2006
through 2015. Also, a reduction in the number of earthquakes per year, in years 2016 and 2017,
reflect either the mitigation policies dictated by OCC or the drop in oil and gas prices or both.
Second, a cluster analysis reveals a correlated migration pattern between earthquake occurrences

and saltwater injection activity. Following the migration of the weighted wastewater injection
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ellipses, weighed epicenters show a predominant northwest direction pattern during the 2007-2017
period. Third, a lagged cross-correlation analysis shows that the number of induced earthquakes
in a subsequent month is strongly associated with the previous 25-month cumulative wastewater
injection volume and a power law can be fitted between number of quakes and weighted average
monthly injection volumes as predictive tool with a coefficient of determination of R? = 0.77.
Using such a relation, several sustainable extraction limits are explored and compared with historic
means. Results from these analyses coincide and expand on previously sustainable limits of 5 to 6
million m3/month to potential combinations that could be associated with the same number of
earthquakes within the 25 previous months. A model intercomparison of our parsimonious model,
a hydromechanical model, and a seismogenic model reveals a satisfactory performance of the
proposed approach and similitude to the hydromechanical model outputs. Nonetheless monthly
sharp changes in seismicity could only be more appropriately represented by the seismogenic
model. The approach proposed in this manuscript could potentially be regionalized according to
the geology of each zone and results could potentially be used as a tool for further model
intercomparison experiments and decision making on spatially varied permission distribution and
regional industry development to minimize negative consequences of induced earthquakes.
Chapter 3 conducted a cross-evaluation of the accuracy and error characteristics of the most
commonly used, yet independent, satellite, model-based, and in situ soil moisture products.
Specifically, the assessment of the SMAP L3 SM_P_E (i.e., SMAP), NLDAS_NOAH0125 H
(i.e. Noah), and interpolated Oklahoma Mesonet (i.e., Mesonet) soil moisture products at daily and
seasonal timescales was conducted over Oklahoma using the triple collocation method. Moreover,
their performances were evaluated over different land cover types. The results of this study can

potentially provide a new perspective for comparatively assessing multi-source soil moisture
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products and a basis for objective data merging to capitalize the strengths of the multi-sensor soil
moisture products for the State of Oklahoma and beyond.

Built on the knowledge from Chapter 3, Chapter 4 adopted the TC based least square
weighting method to merge soil moisture information from multiple sources, including satellite
(SMAP_L3), land surface model (NLDAS-2 Noah), and in-situ measurements (interpolated
Oklahoma Mesonet values), and generated blended soil moisture products at a 9-km spatial
resolution and daily temporal resolution in Oklahoma. The merged product is validated against an
in-situ-based soil moisture product data and shows better performance than both the equal
weighting merged and SMAP Level 4 soil moisture products. The resulting combined soil moisture
estimate is an improvement over currently available soil moisture products due to its reduced
uncertainty and can be used as a standalone soil moisture product with available uncertainty
estimates, which will be beneficial for multiple applications in water resources management,

agriculture and natural hazards.

5.2 Future Research

To study the effects of deep underground waste-water injection on triggering regional
seismicity, the study in Chapter 2 gathered comprehensive datasets of oil and gas industry-related
wastewater injection volumes and earthquakes number with associated event magnitudes from
2006 to 2017 over the entire state of Oklahoma. The conducted spatiotemporal analyses and
proposed parsimonious model represent a novel contribution for prediction, model
intercomparison and decision making. Further attention can be devoted to the transferability of the
models developed in this study beyond the state of Oklahoma. The generation and validation of

the statistical relationships between industry-related wastewater injection volumes and induced
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earthquakes over the other parts of the contiguous United States are worth exploring. For example,
the 2008-2009 sequence of earthquakes with M,,,smaller than 3.3 at the Dallas/Fort Worth Airport
area were potentially induced by brine disposal associated with the production of natural gas
(Frohlich et al., 2011). Another important area for future research would be to investigate some of
the potential limitations of this research. For example, results mainly focus on statistical
spatiotemporal relationships between wastewater injection volumes and earthquakes number and
magnitude. However, some studies connect the induced seismic activity with not only the
wastewater injection volumes (IW), but also their depth and injection rates (Keranen et al., 2013;
Holland, 2013; Walsh and Zoback, 2015; Hough and Page, 2015; Barbour et al., 2017; Chen et al.,
2017; Hincks, Aspinall, Cooke, and Gernon, 2018). Future research can be conducted to improve
the model by including the wastewater injection depth and rates.

The second contribution of this dissertation is to provide a multi-sensor soil moisture product
for Oklahoma to capitalize the strengths of three soil moisture products from different sources.
Further attention can be devoted to the use this multi-sensor soil moisture product as a new tool
for multiple applications in reservoir management, water resources, agriculture, natural hazards,
water management. For example, the soil moisture products can be used to develop new
agricultural drought indices and validate the soil moisture product either from remote sensing or
hydrological models. Additional research should focus on the transferability of the TC based least
square weighting method used in this dissertation beyond the State of Oklahoma especially the
regions lack of high spatial temporal multi-sensor soil moisture product. Another important area
for future research is to investigate some of the potential limitations of the doctoral research. For
example, one limitation of this study is that the Mesonet product used in our TC intercomparison

is interpolated from point-scaled Oklahoma Mesonet to spatial resolution of SMAP (9 km) using
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the ordinary kriging method. Future work could use regression kriging approaches and including
independent predictors such as soil properties, land cover, topography and precipitation to increase
the accuracy of the interpolated Mesonet product.

In general, this dissertation paves the way for further regional adoptions of both the seismic
and soil moisture models with the inclusion of new data for robustness of the relationships
proposed here. In general the methodological approaches that proved to work in Oklahoma could
fundamentally be applied to develop new mathematical and matricial expressions to both
earthquake prediction and soil moisture tracking, specially where and when the environmental

conditions are similar to those found in Oklahoma between years 2015 and 2019.
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