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ABSTRACT
Interferometric synthetic aperture radar (InSAR) is a powerful geodetic technique capable of
measuring deformation at fine resolution. Radar data’s two-dimensional structure along with
the pair-wise nature of interferometry allow InSAR to capture both the spatial and temporal
extent of deformation. This dissertation focuses on improving spatio-temporal modeling tech-
niques for InSAR data to better describe the observed subsidence at several geothermal fields
in the Western U.S. The first chapter focuses on refining the spatial analysis of deformation ob-
served at Brady Hot Springs, Nevada by introducing a parameterization which directly relates
displacement at the Earth’s surface to subsurface reservoir volume change. Geostatistical inver-
sion in a Bayesian framework identifies thermal contraction of the rock matrix as the dominant
driving mechanism of the observed subsidence. The second chapter extends this modeling to
multiple interferometric pairs to explore the deformation’s temporal nature. Joint time-series
analysis of volume change rates estimated from InSAR and Global Positioning System (GPS)
data determines the dependence of deformation on well operations. The third chapter mea-
sures transient deformation at Coso geothermal field, California using InNSAR and GPS data
acquired between 2004 and 2016 to quantify relationships between deformation, pumping, and
seismicity. Changes in subsidence rate, reservoir contraction, and estimated sink depth after
2010 found from spatial and temporal deformation modeling are attributed to changes in injec-
tion protocol corresponding to sustainability efforts implemented in late 2009. The last chapter
quantifies the spatio-temporal dependence of the subsiding region at San Emidio geothermal

field, Nevada by modeling InSAR data from 1992 to 2010.



Introduction
Geothermal power production is a sustainable process by which the hot fluid in subsurface
reservoirs is utilized to produce electricity. This fluid, which is heated naturally by a geothermal
gradient or magma body, is extracted by a geothermal power plant via production wells. Steam
from the produced fluids is used to drive turbines at the plant and produce electricity. The
cooled fluid is then reinjected at shallow depths and travels via faults and fractures back down
to the heated reservoir. Geothermal fields are an excellent example of a rheological experiment
because impulses are known (i.e., the amount of fluid injected and produced) and can be altered
to measure subsequent responses (e.g., seismicity, deformation).

This dissertation focuses on measuring deformation at geothermal fields using a geode-
tic monitoring technique named interferometric synthetic aperture radar (InSAR). InSAR is a
powerful geodetic technique capable of detecting deformation with uncertainty on the order of
millimeters to centimeters. Radar data’s two-dimensional structure along with the pair-wise
nature of interferometry allow InSAR to capture both the spatial pattern and temporal extent of
deformation. The goal of this dissertation is to improve spatio-temporal modeling techniques
for InSAR data to better characterize observed subsidence at several geothermal fields in the

Western U.S. This goal is accomplished by:

e testing hypotheses for geophysical mechanisms driving subsidence

e identifying subsurface processes, and

e quantifying relationships between deformation and well operations.

These techniques are applied to three geothermal sites in the Western U.S.:

e Brady Hot Springs geothermal field, Nevada, USA (Chapters 1 and 2)

e Coso geothermal field, California, USA (Chapter 3), and

e San Emidio geothermal field, Nevada, USA (Chapter 4).
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1 Characterizing Volumetric Strain at Brady Hot Springs, Nevada, USA

Using Geodetic Data, Numerical Models, and Prior Information

Published as: Elena C Reinisch, Michael Cardiff, Kurt L Feigl, Characterizing volumetric
strain at Brady Hot Springs, Nevada, USA using geodetic data, numerical models and prior

information, Geophysical Journal International, Volume 215, Issue 2, November 2018, Pages

1501-1513, https://doi.org/10.1093/gji/ggy347.

Abstract

The geothermal field at Brady Hot Springs, Nevada has subsided over the past decade. Between
2004 and 2014, the rate of downward vertical displacement was on the order of 10 millime-
ters per year, as measured by two independent geodetic techniques: Interferometric synthetic
aperture radar (InSAR) and Global Positioning System (GPS). The observed deformation field
forms an approximately elliptical bowl that is 4 kilometers long and aligned with the trace of
the NNE striking normal fault system. We use modeling to estimate the plausibility of pressure
changes or thermal contraction as the cause of the observed subsidence. As a result, Bayesian
inference favors with “very strong evidence” thermal contraction over other hypotheses as the
dominant driving mechanism for the observed subsidence. Using InSAR data spanning from
22 July 2016 and 22 August 2017, we estimate the volume change rate in the significantly de-
forming volume to be (-29 +/- 3) thousand cubic meters per year and the total rate of change in
thermal energy between -53 and -79 Megawatt. We infer the total volume of cubes where the
estimated volumetric strain rate is significantly different from zero with 95 percent confidence
to be 119 million cubic meters. We find that the main region of significant cooling occurs
between the injection and production well locations. This result supports the idea that highly

permeable conduits along faults channel fluids from shallow aquifers to the deep reservoir


https://doi.org/10.1093/gji/ggy347

tapped by the production wells.

1.1 Introduction

The geothermal field at Brady Hot Springs is situated in the Great Basin region of the northern
Basin and Range Province, near the western boundary of the North American tectonic plate.
There, numerous northeast-striking faults accommodate a combination of mostly extensional
motion with some dextral shear, as inferred from studies of geodetic and neotectonic observa-
tions (e.g. Minster & Jordan, 1987) and other observations, as recently reviewed by Pérouse &
Wernicke (2017). Located ~80 km northeast of Reno, Nevada, the study area lies in a basin
between the Truckee Range and Northern Hot Springs Mountains and is aligned with one of
the three major, NNE-striking normal fault systems comprising the Great Basin region (Benoit
et al., 1982; Faulds et al., 2010b; Jolie et al., 2015). This major fault dips WNW (Faulds et al.,
2003, 2010a; Jolie et al., 2015; Siler et al., 2016). Although fault scarps are visible, none of
them is associated with the minor seismic events that have been recorded in the area. Since the
installation of a monitoring network in 2010, the largest earthquake to occur within a 10-km
radius of Brady had a (local) magnitude of 2.2 (Nathwani et al., 2011; Foxall, 2014, 2016;
Cardiff et al., 2017).

At Brady Hot Springs, the fault trace steps left in a bend approximately 4 km in length.
There, the geothermal system comprises fumaroles, sinter, warm ground, and mud pots, which
collectively reflect hydrothermal activity (Faulds et al., 2010b). Between 1841 and 1861, the

site was a stopping point on the historic California Trail (BLM, 2014):

To pioneers on the Truckee River branch of the California Trail, Brady’s Hot
Springs, then known as Tenderfoot Station, were always a blessing and occasion-
ally a curse. The springs were located near the middle of the dreaded Forty-Mile
Desert and the water was potable when cooled. However, thirst-crazed oxen were

commonly scalded when they rushed into the boiling water. (Benoit et al., 1982)



The fractures associated with the mature fault system dominate the distribution and flow
of hydrothermal fluids at Brady Hot Springs (e.g. Laboso & Davatzes, 2016). These fluids
are extracted to produce electricity at a geothermal power plant that was constructed in 1991
and has been operating since 1992 (Ettinger & Brugman, 1992). The production wells are
situated in the SSW portion of the geothermal field, where they extract hot brine at depths
between 400 and 1770 meters from a steeply-plunging projection of a left step in the Brady
fault zone (Faulds et al., 2010b; Davatzes et al., 2013; Jolie et al., 2015). Located NNE of the
production wells are the injection wells with depths of roughly 200 meters. The operators of
the geothermal plant have reported high transmissivity that has been attributed to fluids flowing
through faults (Faulds et al., 2010b). Numerous faults cut through the geothermal resource, as
inferred from detailed, three-dimensional models based on drilling records, field observations,
seismic profiling and gravimetric measurements (Jolie et al., 2015; Siler et al., 2016; Witter
et al., 2016).

These geologic structures also appear to control the deformation field observed by satellite
geodesy. As shown in Fig. 1.1, the spatial distribution of subsidence forms an approximately
elliptical bowl that is 4 km long and aligned with the trace of the normal fault system that
strikes NNE (Ali et al., 2016a). The deformation field can be described by models of “sinks”
that decrease in volume. The rate of downward vertical displacement was on the order of

10 mm - yr—!

, as measured by interferometric synthetic aperture radar (InSAR) data acquired
between 2004 and 2014 (Ali et al., 2016a).

Here, we consider the spatial variations in the deformation field between July 2016 and
August 2017. The maximum rate of range change is 34 mm - yr—! (Fig. 1.1b). If we neglect
horizontal motion, then the rate of (downward) vertical displacement estimated from InSAR
is similar to that estimated from the Global Positioning System (GPS) for a station (BRD1)
located at Brady with respect to a station (BRDY) located some 5 km to the SW, outside the

geothermal field (Fig. 1.1).



Looking at the observed deformation field in Fig. 1.1, one notes that the fastest rate of
deformation occurs at a distance of more than 1 km (along strike) from the nearest injection
well and more than 1 km from the nearest production well. We infer that the faults act as highly
permeable conduits to channel fluids from shallow aquifers (fed by the injection wells) to the
deep geothermal reservoir (tapped by the production wells), as suggested by Ali et al. (2016a).

How does such flow cause the observed subsidence? To answer this question, we con-
sider two possible mechanisms: (1) decreasing pore-fluid pressure and (2) thermal contraction.
Either mechanism could occur as hot fluids are extracted from the production wells at the south-
west end of the field, cooled in the heat-exchanger at the power plant and then injected at the
northeast end of the field. Under the first mechanism, a decrease in pore fluid pressure shrinks

the pores. Under the second mechanism, the decrease in temperature contracts the rock.

1.2 Data

1.2.1 InSAR

We use synthetic aperture radar data acquired with a wavelength of approximately 30 mm by
the TerraSAR-X satellite mission operated by the German Space Agency, DLR (Pitz & Miller,
2010). We work with a pair from track 53 spanning July 22, 2016 to August 22, 2017 (Fig. 1.1).
This pair spans 396 days and has an orbital separation of —89 m. We produce the interfero-
grams using GMTSAR, which utilizes Generic Mapping Tools (GMT) to create and visualize
interferometric pairs (Sandwell et al., 2011a,b). We remove noise by applying an adaptive
Goldstein filter that depends on spatial coherence (Goldstein & Werner, 1997; Baran et al.,
2003; Sandwell et al., 2011b). Unwrapping is performed using the “statistical-cost, network-
flow phase-unwrapping algorithm” (Snaphu) (Chen & Zebker, 2000). This interferogram is
available publicly (Reinisch & Feigl, 2018).

The data set includes values of range change Ap [mm] over an area of 3.5 km by 4.5 km.



Range change is related to the displacement vector u in the direction of the satellite by

Ap=—5-u (1.1)

where § is the unit vector pointing from a pixel on the ground to the sensor aboard the satellite
with components (z), (y), and (z) corresponding to the eastward, northward, and upward
directions, respectively (Massonnet & Feigl, 1998). For our dataset, § = [—0.55,0.10, —0.82].
Note that increasing range change corresponds to motion away from the sensor onboard the
satellite, thus subsidence. In other words, range change is the negative of the “line of sight”
(LOS) displacement used elsewhere (e.g., Zebker & Goldstein, 1986). We convert values of
range change Ap to range change rates p by dividing by the 396-day time interval At =
1.0842 years. The far-field effects are removed by averaging the observed data in the NW
portion of the interferogram, where we expect no deformation, and subtracting the result from
all the observed range change rates. There are two regions where phase discontinuities are
known to occur in interferograms at Brady Hot Springs. These discontinuities have not been

unwrapped accurately, so we exclude them from the analysis.

1.2.2 GPS

We also analyze data from two GPS stations in the MAGNET network whose time series
of relative position are available publicly (Kreemer, 2018). These data have been analyzed
using standard procedures (Blewitt et al., 2013). GPS station BRD1 was installed within the
subsiding bowl on March 10, 2016 as part of the PoroTomo project (Feigl & PoroTomo Team,
2017a). We use GPS measurements of displacement at BRD1 with respect to BRDY converted
to range change estimates to validate the range change found from InSAR. We use BRDY to
estimate the far-field range change for the GPS measurements. From the interferogram, we
select a subregion of pixels nearest to the location of BRD1 for comparison. For an estimate

of far-field deformation corresponding to BRDY, we select a region southeast of the subsiding



bowl where little deformation is observed, take the mean range change, and subtract it from

the range change of the selected pixels at BRDI.

1.2.3  Accuracy

We use GPS to analyze the accuracy of the InSAR measurements. We difference the corre-
sponding GPS daily estimates of position in time and then compute the scalar product with
the unit pointing vector of the satellite using equation (1.1). The uncertainty for the range
change estimated from GPS is derived from measurement uncertainty at each station. We use
the standard error of the mean as an estimate of uncertainty for the range changes observed us-
ing InSAR. We find the difference between the mean range change from InSAR and the range
change measured from GPS to be 3.58 mm (Table 1.1). We calculate a standard deviation of
4.37 mm using the established relation for the variance of the difference of two random vari-
ables (e.g., Wackerly et al., 2007). The maximum difference was 3.60 mm. This suggests that

the realistic 1o uncertainty is less than 5 mm in range change for the InSAR data set.

1.2.4 Data error covariance

We define a spatial covariance function for the InNSAR data using semivariogram analysis with
an exponential model (e.g. Hohn, 1998, p. 28). We sampled a subregion in the NNW corner
of the study area, which is known to contain little to no deformation. We use an exponential

model to describe the semivariogram

v(h) =c (1 — exp <—3g>> (1.2)

where £ is the distance between two pixels, c¢ is the threshold value at which ~y(h) levels off,
and a is the characteristic distance, or the value of /» where this leveling first occurs (e.g., Hohn,

1998). Using the exponential portion of equation (1.2) to define the spatial correlation between



observations, we arrive at a data covariance function of

R(h) = 0% pgexp (—3%) (1.3)

where the characteristic distance a = 230 m and o7 p4 is a factor corresponding to the uncer-

tainty in InSAR measurements derived from comparison to GPS.

1.3 Methods

To describe the deformation field observed by InSAR, we perform inverse modeling. We have
implemented a nonlinear inversion approach (Feigl & Thurber, 2009) in an open-source soft-
ware package called the General Inversion of Phase Technique (GIPhT). Given a deformation
model with initial estimates and bounds for its parameters, GIPhT uses simulated annealing to
invert on the grid of pixels comprising each interferogram. The resulting output is a refined es-
timate of the model parameters. We also adopt a methodology that allows us to perform linear
inverse modeling with governing equations in terms of volume change rates. As opposed to
the nonlinear approach, which solves a physically informed but sparsely parameterized inverse
problem, the new methodology introduces a more highly parameterized inversion by apply-
ing a gridded formation to the data and modeling the deformation within each cube. This
formulation is advantageous in that it allows for a direct physical interpretation related to the

geophysical processes at Brady Hot Springs.

1.3.1 Parameterization Using Nonlinear Inversion

To simulate the deformation field observed by InSAR and GPS using nonlinear inversion, we
extend previous studies using a parameterization in terms of dislocations embedded in a ho-
mogeneous half space with uniform elastic properties (Okada, 1985). In this formulation, the

vector displacement at the ground surface depends only on a single material property such that



the leading coefficient is:

A
— =2 1.4
e (1.4)

where )\ and p are Lamé’s constants and v is Poisson’s ratio (e.g. Stein & Wysession, 2003).
The formulation from Okada (1985) assumes that the value of this coefficient is spatially uni-

form in an isotropic, linearly elastic half-space. In addition, we assume that it is also constant

1
1

in time. Following Ali et al. (2016a), we assume the value of Poisson’s ratio v =

A previous study (Ali et al., 2016a) parameterized the contracting shallow reservoir in
terms of four Okada (1985) dislocations, each described by nine parameters, including three
positional coordinates (easting, northing, and elevation), two dimensions (length and width)
of the rectangular slip patches, two angles (strike and dip), and three components of the slip
vector. The slip vector quantifies the relative displacement of one side of the patch with respect
to the other. The three components of the slip vector are: dip-slip U; and strike-slip Us in
the plane of the patch and tensile opening Us normal to it. The previous study (Ali et al.,
2016a) allowed dip-slip U; and strike-slip U, to vary as model parameters to be estimated in

the inversion. At Brady, we expect negative values of opening Us < 0, representing the tensile

closing of “sinks” in the shallow aquifers.

1.3.2 Parameterization Using Linear Inversion

Although the previous parameterization of four Okada sinks (Ali et al., 2016a) fits the InSAR
data well, it does not have a straightforward interpretation in terms of the fluids flowing in
the geothermal system at Brady. To address this issue, we define a “multi-cube” parameter-
ization to include many cubic sinks which comprise a single grid layer at a given depth. In
this model of the subsurface aquifer, each cube represents a volume element with sides of
length W' = 100 m. Each such cube is divided into eight smaller cubes by three square, planar
surfaces (“patches”), each with surface area A, that intersect orthogonally at their centroid, as

sketched in Fig. 1.2. Each square patch defines a dislocation with slip vector U = [0, 0, —Uj3] as
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defined by Okada (1985), described by Segall (2010), and implemented in Matlab by Beaudu-
cel (2014). In other words, each square patch experiences uniform contraction in the plane-
normal direction where AV < 0 corresponds to contraction in our notation. Thus, one cube has
an initial volume of V;, = W3, a volume change of AV = —3W?2Us, and a volumetric strain
of e, = —3U3/W. Where our nonlinear approach assigned 4 sinks in total, this “multi-cube”
parameterization characterizes volume change within each cubic element of the grid.

This “cubic” parameterization simulates a surface displacement field which is numerically
equivalent to the one simulated by the formulation of Mogi (Mogi, 1958), after scaling by a
factor of 9/5. This equivalence has been mentioned in the literature (Aki & Richards, 1980)
and derived analytically (Bonafede & Ferrari, 2009).

To validate our numerical implementation of the multi-cube model, we consider a single
cube with side width W = 100 m, volume change AV,,;;; = —60 m?, and centroid depth of
d = 100 m. We compare the resulting displacement field to that calculated analytically from
the “Mogi” solution presented in equation (7.14) of Segall (2010) with a volume change of
AVirogi = —33 m?. The root-mean-square (RMS) difference of the resulting displacement
vectors is less than 60 pm in each of the three components (eastward, northward, and upward).

We also compare the resulting displacement field of the multi-cube model to the analytical
half-space solution for displacement caused by a single force at a point, given traction-free
boundary conditions, as described by Mindlin & Cheng (1950) and reprinted as Equation 4.39
in Wang (2000). Again comparing to the multi-cube parameterization, we find the root-mean-
square (RMS) difference of resulting displacement vectors is less than 40 ym in each of the
three components (eastward, northward, and upward).

Lastly, we compare the resulting displacement field of the multi-cube model to the half-
space solution for surface deformation due to an internal volume strain introduced by Okada
(1992) and restated by Mossop & Segall (1999), their Equation 1. We find the root-mean-

square (RMS) difference of resulting displacement vectors is less than 30 ym in each of the
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three components (eastward, northward, and upward).
Adopting the multi-cube model allows us to interpret volumetric strain in terms of two
conceptual models: a decrease in pore fluid pressure and thermal contraction. For simplicity,

we assume:
1. The medium is a purely elastic solid.
2. The Poisson ratio v = 1/4 throughout the modeled medium.
3. The compressibility of the fluid is negligible.

Interpreting the volume change rate in terms of a rate of change in pore fluid pressure P leads

to the relationship:

V) = (%P) Vo (1.5)

where 1/H [Pa~!] is the poroelastic expansion coefficient (Wang, 2000). Since the initial

volume is constant, we interpret the term in parentheses as a poroelastic volumetric strain rate
an = Lp (1.6)
71 .

Alternatively, we can interpret the same volume change rate in terms of thermal contraction,
leading to the relationship:

VO = (arT)Vp (1.7)

where o is the thermal expansion coefficient and 7 is the rate of temperature change (Wang,
2000). Since the initial volume is constant, we can interpret the first term as a thermal volu-
metric strain rate

e = a7 (1.8)

We may also interpret the modeled volume change rate in terms of a linear combination of
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these two conceptual models:

) 1 . )
VP — (EP> Vo + (arT)Vy (1.9)

In this case, estimated volumetric strain rates contain contributions from thermal contraction

and a decrease in pore fluid pressure
Py _ L '

1.3.3 Nonlinear Inversion Modeling with GIPhT

We improve our inverse modeling by using nonlinear inversion by introducing a sequential
inversion process, which allows us to use both unwrapped range change and wrapped phase
change observables (Reinisch et al., 2016). Starting with an initial set of estimates for parame-
ters of a deformation model with loose bounds on their uncertainties, we use the estimates from
this inversion using unwrapped range change observables as prior information for a second in-
version using wrapped phase change observables. This 2-step inversion allows us to narrow
the uncertainties on the resulting estimates of the model parameters.

We derive our initial estimate of the model parameters from the results of Ali et al. (2016a)
using a combination of four sinks representing surface displacements from faults in a halfspace
(i.e. Okada sources, Okada, 1985; Segall, 2010). After applying our sequential inversion
method to the TSX track 53 pair spanning December 24, 2011 to October 27, 2012 shown in
Ali et al. (2016a), we use the refined model parameter estimates as an initial set of estimates

for the sequential inversion of our InSAR data set.
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1.3.4 Linear Geostatistical Inversion

We write the modeled values of the range rates using the linear governing equations from the
“multi-cube” parameterization

pmed = Gm (1.11)

where plmod

is a vector of modeled values of range change rate, G is the matrix represent-
ing the forward model, and m is a m-by-1 estimated vector of best-fitting parameters. Each
element of G is represented by
Gij = uf) 3@ +ul¥s® 4y 5 (1.12)
where u is a vector of component displacements from the cubic model for the ;™ cube and
the i observed range change rate p;. We again assume Poisson’s ratio to be v = 1/4. We
explain m by defining prior models for the variable components of V), v and VEHT)
using the model parameter covariance matrices specific to each model’s a priori uncertainty.
In order to incorporate prior information on Ve ), V(T), and V(P +T) we solve these equations
in a Bayesian framework.
Interpreting the volume change rate in terms of thermal contraction (equation 1.7), we de-

fine the model parameters as thermal volumetric strain rates mET)

= aTTi. From the literature,
we find a suitable (68% confidence) range for ar € (3.5 £ 1.5) x 107 K™! (e.g. Cooper &
Simmons, 1977; Roy et al., 1989; Rutqvist et al., 2002). We define a 68% confidence range
for T € (—1.2 4+ 0.6) K - yr~! based on balancing of thermal energy in the system with fluid
flow (e.g., Temple University, 2017; University of Wisconsin, 2016). Assuming that each of

these random variables is drawn from a Gaussian distribution, we calculate the resulting 68%

confidence range of the product to be

arT € (—42 4 29) [microstrain - yr] (1.13)
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using definitions for the mean and standard deviation of the product of two Gaussian random
variables (e.g., Wackerly et al., 2007).

Alternatively, we interpret the modeled volume change rate in terms of a decrease in pore
fluid pressure (Equation 1.5) and our model parameters as poroelastic volumetric strain rates
mEP) = %PZ From the literature, we find a suitable (68% confidence) range for % €28+
0.4) x 1071 Pa~! (e.g., Nur & Byerlee, 1971; Wang, 2000; Ingraham et al., 2017). We define
a 68% confidence range for P e (—0.3 £0.2) x 10° Pa - yr! based on the rate of pressure
decrease corresponding to a ~100-meter change in groundwater level at Brady within the last
thirty years and data from the site (e.g., Temple University, 2017; Ormat Techmologies Inc.,

2017). We again assume Gaussian distributions for the variables and calculate the resulting

68% confidence range of the product to be
1. . . 1
EP € (—9.2 £ 4.8) [microstrain - yr - |. (1.14)

To interpret the modeled volume change rate in terms of both thermal contraction and a

decrease in pore fluid pressure (Equation 1.9), we define a 68% confidence range for ¢(©+7)

%P + arT. Using the prior models stated in Equations 1.13 and 1.14 as well as the standard
equations for the linear combination of two Gaussian random variables (e.g., Wackerly et al.,

2007), we find a 68% confidence range of

1 . .
P +arT e (—51 =% 29) [microstrain - yr~]. (1.15)

We represent these prior models using an exponential covariance structure function and
characteristic distance scales to be [, = 1000 m along the strike of the major fault (roughly

36° NE) and [, = 200 m across its strike. We assume that the mean p, of the parameters is
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spatially uniform and define the posterior probability distribution according to Bayes’ rule:
fm,um\f)(maum) ~ fp'lm,,um(ﬁ)fm,um(mmum)' (1'16)

The likelihood function equates to

1
Fomu(P) = (2m) 2 IR[ 72 - exp (—5(/3 — Gm)"R™'(p - Gm)) (1.17)

where the sample size n = 159,597 (Aster et al. 2013, p. 260; Gelman et al. 2013, p. 71).

Similarly, the prior distribution equates to

fm,um <m7 “m) = (27T)_m/2‘Q|_1/2 - CXp (_%(m - Lﬂm)TQ_l(m - L;um)) . (118)

where m = 1,656 is the number of parameters (Aster et al. 2013, p. 260; Gelman et al. 2013,
p. 71). Here R is the data covariance matrix defined by Equation 1.3, L is a vector of ones

representing the stationary mean fi,,, and Q is the model covariance matrix defined as

o N AT AR
Qi; = o, exp <( L3 ) —i—( E ) (1.19)

where o2 is defined based on the choice of prior and (z;,y;) and (x;, y;) are the positions of the

i" and j™ model parameters. The mean of the parameters /iy, is estimated and then compared
to what we consider reasonable from our 68% confidence range in each of the prior models.
From Equations 1.16-1.18, we find the negative logarithm of the posterior probability dis-

tribution to be governed by
L, TR—-1/: 1 T—1
5(p— Gm)TR™(p — Gm) + - (m — Lyim) Q" (0 — L) (120)

Following Kitanidis (2007), we solve for best-fitting parameters by minimizing Equation 1.20
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with respect to m and fiy,.

1.4 Results

1.4.1 Parameterization using Okada (1985) sources

We apply our 2-step nonlinear inversion scheme using GIPhT (Feigl & Thurber, 2009) to model
the deformation field between 22 July 2016 and 22 August 2017 as measured by the InSAR
data set described above and shown in Fig. 1.1. Our initial estimates of the parameters are
derived from Ali et al. (2016a) (their Table 1) and comprised of four Okada (1985) sinks (i.e.,
4-patch model). We also estimate contributions of far-field deformation, atmospheric effects,
and orbital error (i.e., nuisance parameters) by considering a gradient with components in the
eastward, northward, and upward directions (Feigl & Thurber, 2009). We find an estimate
of far-field deformation Apy = (4.4 + 1.9) mm and components of phase gradient d¢/dx =
(7.242.6) x 1077, 0¢/dy = (0.08 = 1.8) x 1077, and §¢/dz = (—2.4 4 0.5) x 107°. These
values are taken as fixed in all subsequent inversions to account for unmodeled (“nuisance”
effects such as tropospheric perturbations or orbital artifacts. We estimate the total volume
change rate to be V(47etch) — (_27 + 9) x 10* m® - yr~! by summing the volume of the
four sinks using the estimated dimensions for each source. We calculate the dimensionless
misfit M = 3.1 of the model to the data by the square root of the reduced ?-test statistic
(Strang & Borre 1997, p. 334; Aster et al. 2013, p. 29). The resulting deformation fields are

shown in both unwrapped range change (Fig. 1.3) and wrapped phase change (Fig. 1.4).

1.4.2  “Multi-cube” parameterization

Using the same interferometric pair, we perform linear, geostatistical inversions using the
“multi-cube” parameterization for each of the prior models assuming a single grid layer of

(100 m)? cubes with a centroid depth of 100 m based on the lower bounds for dislocation
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source depths estimated by Ali et al. (2016a) and depth of saturation in the region. We assume
a Poisson’s ratio of v = 0.25.

To account for effects that are unrelated to the deformation on the ground, we calculate
a range rate field using the estimated values of the four nuisance parameters from the 4-patch
model and then subtract this field from the observed interferogram. The observed field of range
change rates with estimates of nuisance parameters removed is shown in Fig. 1.6 and used for
modeling with the “multi-cube” parameterization.

The estimated values of thermal strain rate & appear in Fig. 1.5. The posterior mean
lies within the range of values that we defined as reasonable a priori. The mean of the

(T) _ (1)

estimates fim’ = € !

= —29 microstrain - yr -, which lies within the range we consid-

1

ered reasonable, apT € (—42 + 29) microstrain - yr—'. The largest value of individual

parameter uncertainties is 21 microstrain - yr—!, i.e. smaller than the prior uncertainty of
29 microstrain - yr~'. Considering cubes where V(7) < 20, With 0 = 82.7m? -yr ', to
be cooling significantly, we calculate the volume of the modeled reservoir to be 1.2 x 10® m?
and the resulting volume change rate of the cubes in the modeled reservoir to be v =
(—2.940.3) x 10* m3- yr~'. Assuming a thermal expansion coefficient oy = 3.5 x 107> K™ *,
specific heat of the rock c,.,.x = 948 J/K/kg (Rutqvist et al., 2002), and a range of values for
uniform rock density p,.o. € [1900, 2800] kg/m3 (Witter et al., 2016), we find a range for the
values of mean rate of change in thermal energy (per unit volume) of the modeled reservoir to
be E € [~0.44, —0.65] W/m®. The misfit of the model is M — 1.5. Using F tests (Wack-
erly et al., 2007, pp. 536 & 627), we find that the resulting model provides a significantly better
fit to the data than does the 4-patch model with 95% confidence (Tables 1.2 and 1.3).

Alternatively, the inversion with the pressure-defined prior yields estimates of poroelastic

strain rate ¢”) that are not within the range that we defined as reasonable in our prior model

(Fig. 1.5). The mean of the estimates ,ugf )= ¢ = _33 microstrain-yr—! lies well outside the

range of reasonable values %P € (—9.2 £ 4.8) microstrain - yr—!. We do find that the largest
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individual parameter uncertainty is 4.6 X microstrain - yr—*

, which is smaller than the prior
uncertainty of 4.8 microstrain - yr~'. Given oy, = 27.7m” - yr™!, the volume of the modeled
reservoir is estimated to be 1.3 x 10® m3. The volume change rate of the modeled reservoir is
estimated at V) = (—2.340.1) x 10* m? - yr-'. The resulting misfit is \/E — 3.6, which
is larger than the misfit from the inversion with the prior model defined in terms of thermal
contraction. Using F tests (Wackerly et al., 2007, pp. 536 & 627), we find that the pressure-
defined prior model provides a significantly worse fit to the data than both the temperature-
defined “multi-cube” model and the 4-patch model with 95% confidence (Tables 1.2 and 1.3).

The inversion using a linear combination of the temperature- and pressure-defined prior
models results in estimates of volumetric strain rates that are within the range that we defined
as reasonable a priori. There is overlap between the prior and posterior distributions, as shown

%113+T) — (P+D)

in Fig. 1.5. The mean of the estimates p = —29 microstrain - yr—! lies within

the range we considered reasonable, %P +arT € (—51 4= 29) microstrain - yr—!. The largest

1

value of individual parameter uncertainties is 23 microstrain - yr—, i.e. smaller than the prior

uncertainty of 29 microstrain - yr—'. Considering cubes where v (P+T)

< 20y, With oy =
84.9 m? - yr~!, to be cooling significantly, we calculate the volume of the modeled reservoir to
be 1.1 x 10® m? and the resulting volume change rate of the cubes in the modeled reservoir to
be V(P+T) = (—2.840.2) x 10* m*-yr—'. The misfit of this (P4 T") solution is \/ﬂ = 1.6.
Using F tests (Wackerly et al., 2007, pp. 536 & 627), we find that the resulting model provides
a significantly better fit to the data than does either the 4-patch model or the pressure-defined
prior model with 95% confidence (Tables 1.2 and 1.3).

Fig. 1.6 displays the observed, modeled, and residual deformation fields, respectively, cal-
culated from the results of the inversion using a prior model defined in terms of thermal con-
traction. We see that most of the significant residuals occur in the southeast portion of the

map where the observed deformation field shows scattered values of range change rate. There

is still some residual signal in the NE portion of the modeled reservoir area where the model
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fails to account for the observed range change rate. However, the residuals in this region
under the temperature-defined prior model are within the uncertainties for the data. The vol-
umetric strain rate estimates using the temperature-defined prior model are shown per cube in
Fig. 1.7. Also shown are estimates of volumetric thermal power £ [W/m®] calculated assum-
ing a specific heat c,,o; = 948 J/K/KE, prock. = 2800 kg/mg, and thermal expansion coefficient
ar = 3.5 x 107° K~'. The variability of the estimates for the thermal strain rate ;7' mapped

in Fig. 1.7 suggest local, spatial variations.

1.5 Discussion

We find that both solutions that include the temperature-defined prior model produce estimates
of volumetric strain rate within what we consider reasonable a priori. In contrast, defining the
prior model in terms of pressure alone produces estimates of volumetric strain rates which are
larger than what we consider reasonable to attribute to decreasing pore fluid-pressure alone.
We further compare the fits of the three geostatistical solutions using the Bayes Factor
F, which is the ratio of the likelihood of the model under the alternative hypothesis to the
likelihood of the model under the null hypothesis (e.g. Kass & Raftery, 1995; Gelman et al.,
2013, p. 183). To interpret the mechanism driving the volume changes at depth, we set the
null hypothesis H, to be decreasing pore fluid pressure and the alternative hypothesis H; to
be thermal contraction. We find the value of Fz = 211.7 leading to (2In Fz) = 10.7. Ac-
cording to the scale by Kass & Raftery (1995), a value of (2 In Fjz) greater than 10 gives “very
strong evidence” against the null hypothesis. Accordingly, we favor the hypothesis of thermal
contraction over a decrease in pore fluid pressure, further suggesting that the observed volume
change cannot be solely attributed to a decrease in pore fluid pressure. We perform a similar
analysis, this time setting the null hypothesis to be thermal contraction and the alternative hy-
pothesis to be a combination of thermal contraction and a decrease in pore fluid pressure. We

find the value of Fz = 0.9 leading to (21n Fz) = —0.31. Using the criterion of Kass & Raftery
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(1995), the null hypothesis fails to be rejected. We infer that there is no significant difference
between results from interpreting the volumetric strain rates as a linear combination of thermal
contraction and a decrease in pore fluid pressure and interpreting the volumetric strain rates
as thermal contraction alone. We conclude that thermal contraction of the rock matrix is the
dominant mechanism driving the deformation observed by InSAR.

We can use mean values from our temperature-defined and pressure-defined prior models
to estimate the relative contributions of thermal and poroelastic strain rates to the estimated
volumetric strain rates ¢(+7) from the combined model. Following Segall & Fitzgerald (1998),
we calculate the relative size of thermoelastic to poroelastic strain rates to be 4.6. Using this
ratio, we estimate relative contributions of each strain rate as shown in Fig. 1.8.

We note that our parameterization is dependent on the choice of cube depth and dimensions,
as well as the choice of Poisson’s ratio. The choice of depth is based on the depth of satura-
tion in the region, where the depth of the phreatic surface is approximately ~100 m based on
pressure and temperature surveys of wells (e.g., Patterson et al., 2017), and we choose a cube
size of (100 m)? accordingly. In a separate series of inversions, we experimented with setting
the dimension of each cube to be as large as 500 m, while keeping the depth to the top of the
cube constant at 50 m. We found that the misfit of the modeled values of range change rate to
the observed values increases with increasing cube dimensions (Table 1.4).

We also varied our choice of Poisson’s ratio. Seismic analysis at the study area suggests
an average Poisson’s ratio of v = 0.35 for the uppermost 400 m of the subsurface (e.g. Matzel
etal., 2017; Feigl & PoroTomo Team, 2017b). Performing an F test similar to that discussed in
Section 1.4.2, we find an F statistic value of 1.00, which is less than the critical value of 1.01.
Thus, we conclude that results using this choice of Poisson’s ratio do not vary significantly
from our results using v = 0.25 at 95% confidence.

Although the map of the parameters is dominated by negative rates of volume change,

some cubes along the edges of the field show positive values (Fig. 1.7). We suspect that the
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nuisance parameters in the modeling are not able to characterize fully the effects of far-field
deformation, atmospheric contributions from the change in refractive index with respect to
elevation, and contributions from errors in the orbital trajectory of the satellite, as evidenced
by the nonzero range change rates observed far from the production wells (Fig. 1.6). We also
see some positive values in the NE portion of the subsiding bowl where inaccurately unwrapped
phase values have been excluded from the inverted data set.

We find the region of significant temperature change rate by considering cubes where the
estimated rate of temperature decrease 7' < —20. These regions are denoted in Fig. 1.7
by white contour lines. We see that the most apparent region of significant cooling occurs
between the locations of the injection and production wells. This result is consistent with the
idea that highly permeable conduits along faults channel fluids from shallow aquifers to the
deep reservoir tapped by the production wells, as suggested previously by Ali et al. (2016a).
Further support for this idea can be found in hydrologic modeling (Patterson, 2018).

We consider the rate of change in thermal energy calculated from our inversion. We assume
that the volume of rock that is cooling is the same as the volume of rock that is shrinking (Ali
et al., 2016a). Using the estimated rates of cooling and values of ¢, and p,... above, we
calculate the 95% confidence interval for the rate of change of thermal energy for the reservoir
to be E.; € [—53, —79] Megawatt. The power plant’s capacity of [10,26] MW, (e.g., Faulds

et al., 2010b; Cardiff et al., 2017) indicates an efficiency on the order of 20 percent.

1.6 Conclusions

We have successfully modeled the observed subsidence at Brady Hot Springs using observed
range change rates from an InSAR pair spanning from July 22, 2016 to August 22, 2017 and a
“multi-cube” parameterization. In this parameterization, the volume of interest is gridded into
a set of (100 m)? cubes with each cube representing a combination of three orthogonal rect-

angular dislocation sources. This formulation allows us to interpret volumetric strain in terms
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of pore fluid pressure, thermal expansion, or a combination of the two. When the prior model
includes thermal contraction, the “multi-cube” parameterization also provides a significantly
better fit at 95% confidence than the 4-patch parameterization.

Geostatistical inversion provides a realistic estimate of the rate of change in thermal energy
Eest that is consistent with an efficiency of the order of 20 percent. We find that solutions which
include the temperature-defined prior model best characterize the subsidence signal observed
at Brady Hot Springs. Using Bayesian inference, we find “very strong evidence” in favor of
thermal contraction as the dominant driving mechanism for the observed deformation.

Our results show that the area of significant temperature change occurs between the in-

jection and production wells, consistent with the idea that faults are channeling fluids from

shallow aquifers to the deep reservoir in this geothermal system.
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Table 1.1: Comparison range change values estimated from GPS and observed by InSAR.

| Ap+ o [mm]

GPS 13.45 £ 2.88
InSAR 9.87 + 3.29
DIFF 3.58 £4.37
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Table 1.2: Results from F-tests for model complexity at 95% confidence level (e.g., Wackerly et al.,
2007, p. 627).

Hy: no significant difference in fits between 4-patch model and more complex “multi-cube” model
H,: more complex “multi-cube” model provides a significantly better fit than 4-patch model (i.e., the
complexity is justified)

comparison df, df, test value critical value result
4-patch vs. ¢ 159556 157941  319.90 1.01 reject H,
4-patch vs. ¢ 159556 157941 -20.76 1.01 fail to reject Hy

4-patch vs. é7FT) 159556 157941  269.32 1.01 reject H,
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Table 1.3: Results from equality of variance F-tests at 95% confidence level (e.g., Wackerly et al., 2007,
p- 536). Model 2 is defined by having a larger variance of residuals than model 1.

Hy: variance of residuals from model 2 is not significantly larger than variance of residuals from model
1

H,: variance of residuals from model 2 is significantly larger than variance of residuals from model 1

model 1 model 2 test value critical value result
™) 4-patch 3.22 1.01 reject H,
™) P 3.51 1.01 reject H,
4-patch ¢ 1.09 1.01 reject Hy
eP+T) 4-patch 3.24 1.01 reject H
e 3.54 1.01 reject H

™) eP+T) 0.99 1.01 fail to reject H,




Table 1.4: Misfit , /x?

cube width  depth X,%,Obs

100 m 100 m L.5
200 m 150 m L7
500 m 300 m 2.4

v,0bs

for varying cube dimensions.
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Figure 1.1: a) Deformation field measured by InSAR data, showing observed rates of change in range p
between July 22, 2016 and and August 22, 2017, in map view (a) and profile (b). Blue regions denoting
an increase in range indicate subsidence. The two regions of phase discontinuities masked from analysis
are shown as gray patches. The rectangle in the NW corner outlines the region used for estimating
far-field deformation. The rectangle in the NE outlines the study area for the PoroTomo experiment.
GPS stations are labeled in white. Injection wells are shown as inverted triangles, production wells are
upright triangles, and the stimulation well 15-12 is denoted as a solid black square. Faults from Jolie
et al. (2015) are shown with thick black lines. Fumaroles from Coolbaugh et al. (2004) are shown with
filled circles. The black line bisecting the study area shows the profiled region. Coordinates are Easting
and Northing in the Universal Transverse Mercator (UTM) projection on the WGS84 ellipsoid zone 11
N (Snyder, 1987).
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v

Figure 1.2: Sketch of the cubic sink model, showing three orthogonal, planar dislocations. The width W
represents the dimension of each orthogonal square patch, A represents the surface area of each patch,
and —Us represents the tensile closing of each patch. The sketch is modified from Bonafede & Ferrari
(2009), their fig. 2(iii).
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Figure 1.3: Deformation fields in terms of (unwrapped) range change from 22 July 2016 to 22 August
2017 analyzed using the 2-step inversion process outlined in Reinisch et al. (2016). The estimate of the
parameter vector was based on a 4-patch model by Ali et al. (2016a). Inversion was first performed using
unwrapped range changes. Inversion using the resulting model estimate as a starting model estimate was
then performed on wrapped phase changes. Results are shown in terms of unwrapped range change:
observed range change (a), modeled range change (b), residual between observed and modeled (c),
and absolute value of residuals (d). The blocked rectangular region represents the study area for the
PoroTomo experiment. Injection wells are shown as inverted triangles, production wells are upright
triangles, and the stimulation well is denoted as a square. Faults are shown with black lines. Fumarole
locations are denoted with circles. We use the UTM coordinate system as in Fig. 1.1.
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Figure 1.4: Deformation fields in terms of wrapped phase change from 22 July 2016 to 22 August 2017
of the 2-step inversion process outlined in Reinisch et al. (2016), showing observed values (a), modeled
values (b), residual values (c), and angular deviation (d). One cycle (or fringe) of color corresponds to
15.5 mm of range change. Plotting conventions as in Fig. 1.3.
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Figure 1.5: Histogram of best fitting estimates of volumetric strain rates for (a) temperature-defined
prior, (b) pressure-defined prior, and (c) prior combining temperature and pressure. Overlain are poste-
rior probability densities for both the prior (red) and posterior (green) models.
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Figure 1.6: Maps of deformation fields for linear, geostatistical inversion with a prior model defined
in terms of thermal contraction. The observed deformation field with nuisance effects removed spans
from 22 July 2016 to 22 August 2017 and is plotted as rate of range change p. Modeled values of
range change rate p are calculated from best fitting estimates using a temperature-defined prior model.
Residual values are shown as observed minus modeled values. Plotting conventions as in Fig. 1.3.
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Figure 1.7: Map of parameters estimated from a linear, geostatistical inversion using a prior model
defined in terms of thermal contraction. The color of each square denotes the rate of change in a cube
(with width W = 100 m) in the model. Estimates of ¢() are shown in yr~!. Estimates for thermal
energy change rate E are shown assuming c,oc; = 948 J/K/kg and p,oc; = 2800 kg/m3 . The white
line bounds the reservoir region defined by v < _20V|T' Other plotting conventions as in previous
figure.
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Figure 1.8: Estimates of contributions from thermal strain rate ¢ and poroelastic volumetric strain rate
¢P) to best fitting estimates of volumetric strain rates from a linear, geostatistical inversion using a prior
model defined in terms of both thermal contraction and a decrease in pore fluid pressure. Prior models
for thermal volumetric strain rate (Equation 1.13) and poroelastic volumetric strain rate (Equation 1.14)
are shown in blue in terms of 68% confidence intervals.
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2 Time-series Analysis of Volume Change at Brady Hot Springs, Nevada,
USA Using Geodetic Data from 2004-2018

This work has been submitted to Journal of Geophysical Research - Solid Earth on April 15,
2019 with the following author list: Elena C. Reinisch, Michael Cardiff, Corné Kreemer, John

Akerley, and Kurt L. Feigl.

Abstract

Brady Hot Springs geothermal field has exhibited subsidence, as measured by interferometric
synthetic aperture radar (InSAR). Previous studies have examined both the temporal evolution
of the deformation from 2004 through 2016 and the spatial extent of the deformation, directly
relating the observed subsidence to volumetric changes below the surface. We extend the mod-
eling at Brady to analyze a data set of interferometric pairs spanning from 2004 through 2018.
We examine spatial and temporal trends in the observed deformation by time-series analysis
of each of the 1656 cubic voxels in a parameterized elastic dislocation model to identify ar-
eas where the subsurface volume changes as a function of time. Joint time-series analysis of
Global Positioning System and InSAR pairs confirm significant changes in rates of volume
change during time intervals when well operations were varied. The rate of subsidence in-
creases with increased injection, consistent with the identification of thermal contraction of the
rock matrix as the dominant driving mechanism. Conversely, the modeled volume increases

when pumping ceases, suggesting thermal expansion of the rock matrix.

2.1 Introduction

Brady Hot Springs is a geothermal field in the northwestern Great Basin. Situated about 80

kilometers northeast of Reno, Nevada, it lies between the Truckee Range and the Northern
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Hot Springs Mountains. The area is characterized by several NNE-striking normal faults that
comprise one of the three major faults systems of the Great Basin region (Benoit et al., 1982;
Faulds et al., 2003; Jolie et al., 2015); this major fault dips WNW (Faulds et al., 2003, 2010a).
Although a few minor seismic events have been recorded following the installation of a mon-
itoring network in 2010, the largest recorded earthquake to date occurring within 10 km of
Brady had a local magnitude of 2.2 (Nathwani et al., 2011; Foxall, 2014, 2016; Cardiff et al.,
2017).

The Brady site itself is located within a 600-m-wide left fault step in the fault trace. This
structure contains several N-striking, en échelon faults acting as highly permeable conduits
that channel fluids through the geothermal system (Al et al., 2016a; Feigl & PoroTomo Team,
2017a; Cardiff et al., 2017; Reinisch et al., 2018). Surface evidence of geothermal activity is
visible at Brady as fumaroles, sinter, warm ground and mud pots (Faulds et al., 2010b). A
geothermal plant has been in operation at the site since 1992. Currently, the Brady Complex
(consisting of the Brady and Desert Peak fields) has a generating capacity of roughly 26 MW.
Fluid is produced at depths between 400 and 1770 m via six production wells located in the
southwest portion of the field. After the generation of electricity, the majority of the fluid is
returned at depths of roughly 200 m via two injection wells located in the northeast portion of
the field. The faults within the system are then believed to channel this fluid back to the deep
geothermal reservoir to complete the cycle.

Within the past three years, there have been two instances of extended site shutdowns at
Brady. The first site shutdown occurred as part of the Department of Energy project entitled
“Poroelastic Tomography by Adjoint Inverse Modeling of Data from Seismology, Geodesy,
and Hydrology” (PoroTomo). This project, which ran from 2014 through 2018, was supported
by the Geothermal Technology Office of the U.S. Department of Energy to assess the integra-
tion of various geophysical observation and analysis methods to characterize the subsurface

material properties at Brady Hot Springs. During March 2016, termed the project’s “deploy-
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ment period”, well operations were varied at the site while the PoroTomo Team used a variety
of techniques to monitor any changes in geophysical processes. There were four stages to the
deployment period in March 2016. The first stage was normal operations at the site, during
which some of the produced fluid was reinjected at an off-site location. Stage 2, which began
on March 14, consisted of a site shutdown until the start of Stage 3 on March 18. From March
18 to March 24, the site came back online with increased infield injection and pulsing. During
this time interval, all of the fluid removed during the production process was reinjected back
into the field. Stage 4, which began on March 25, was a return to normal operations. The
second extended site shutdown started on February 22, 2018, with well operations halted at
Brady. This continued until May 1, 2018, at which time most of the wells were back online.

Deformation at rates as high as ~ 25 mm/yr has been previously observed at Brady using
interferometric synthetic aperture radar (InSAR). The temporal evolution of such deformation
was studied by Ali et al. (2016a), who used time-series analysis of volume change estimates
(derived from non-linear inverse modeling of unwrapped range change rates) to test hypotheses
regarding the subsurface processes driving the observed deformation. Their time-series data
spans the interval from 2004 through 2014.

A recent study by Reinisch et al. (2018) explores the spatial deformation pattern at Brady.
Using geostatistical inversion, they estimated volumetric strain rates for a grid of (100 m)?
cubes across a deformation field of unwrapped range change rates from a single InSAR pair
spanning 2016 July 22 to 2017 August 22. By applying this inversion in a Bayesian framework,
they further identified thermal contraction of the rock matrix as the most likely driving mech-
anism of the observed subsidence at Brady and interpret the best-fitting estimates as thermal
volumetric strain rates.

In this study, we expand on the results of Reinisch et al. (2018) by applying their param-
eterization to a data set of interferometric pairs spanning from 2003 through 2018 covering

Brady Hot Springs. We explore spatial changes in thermal volumetric strain rates through
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time using temporal adjustment techniques (e.g. Reinisch et al., 2017) and update the previ-
ous interferometric time series performed at Brady. We also use GPS data to identify changes
in deformation when well operations were varied in March 2016 and again in early 2018 to

further determine the relationships between pumping and deformation at the site.

2.2 Data

2.2.1 InSAR

We use InSAR data from numerous satellites. The German Space Agency (DLR) operates a
satellite, TerraSAR-X (TSX) (Pitz & Miller, 2010) which has a repeat time of 11 days. Its
radar sensor has an (X-band) wavelength of about 30 millimeters. We work with pairs from
tracks 53, 91, and 167 with epochs ranging from 2011 through 2017. To cover years before
TSX was operational, we also work with data archived by the Western North America InSAR
(WInSAR) Consortium [https://winsar.unavco.org/]. Data from Japan Aerospace Exploration
Agency’s Advanced Land Observing Satellite (ALOS) tracks 215 and 216 provide coverage
from 2006 to 2011. ALOS was a satellite mission with a repeat time of 46 days and an (L-
band) radar wavelength of about 240 mm (Rosengqvist et al., 2007). To cover the time interval
between 2004 and 2006, we use data from track 485 of the European Space Agency’s second
European Remote-Sensing Satellite (ERS-2) which carried a radar with a (C-band) wavelength
of roughly 57 mm (Francis et al., 1995).

Interferograms are calculated by combining pairs of compatible images. Pairs are formed
using GMTSAR (Sandwell et al., 2011a,b), an interferometric processing software package that
utilizes Generic Mapping Tools (GMT) to create and visualize interferometric pairs. GMTSAR
also allows for removal of noise by applying a modified Goldstein filter that depends on coher-
ence (Goldstein & Werner, 1997; Baran et al., 2003; Sandwell et al., 2011b). Unwrapping is
performed using Snaphu (Chen & Zebker, 2000).


https://winsar.unavco.org/
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We select an optimal subset of pairs from our data set by applying a minimum spanning
tree (MST) algorithm using orbital separation (also known as the perpendicular component of
baseline B ) as the weighting criterion (e.g., Reinisch et al., 2017). The resulting minimum
spanning forest (MSF) data set has 196 pairs spanning from April 2003 to October 2018, as

shown in Figure 2.3. This data set is publicly available (Reinisch, 2017).

222 GPS

We also work with data from two continuously operating Global Positioning System (GPS)
stations BRD1 and BRDY in the MAGNET network (Figure 2.1). Data from these stations
have been analyzed using standard procedures (Blewitt et al., 2018) to produce daily time
series of relative position that are publicly available (Kreemer, 2018). GPS station BRD1
was installed on the casing of a completed well (well 18-1) near the injection wells within
the subsiding region at the beginning of March 2016 as part of the PoroTomo project (Feigl
& PoroTomo Team, 2017a; Blewitt et al., 2018). We consider measurements from BRDY
(located to the SSE of the subsiding bowl) to be representative of far-field deformation, and
thus consider differences in relative position measured at BRD1 with respect to BRDY in our
analysis. We work with GPS measurements in terms of range change Ap by taking the negative
scalar product of the relative displacement vector u from GPS with the unit vector s pointing

from the pixel on the ground to the radar sensor aboard the satellite:

Ap=—%-u (2.1)

Measurements of relative position from BRD1 with respect to BRDY in terms of range change
are shown in Figure 2.4. Range change estimated from paired values of GPS estimates from
BRD1 with respect to BRDY have been used to assess the accuracy of unwrapped range change

measurements from InSAR as better than 5 mm (Reinisch et al., 2018).
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2.3 Methods

2.3.1 Geospatial Inversion

We begin with spatial analysis of each InSAR pair in the data set. To do so, we apply the “multi-
cube” parameterization introduced by Reinisch et al. (2018). The parameterized model is com-
prised of a single grid layer of 1,656 (100 m)? cubic voxels centered at 100 m depth. Each
cube is represented by three square, orthogonally intersecting planar dislocations (“patches”)
in an elastic half space (Okada, 1985). We set the length of each side of a patch W = 100
m, resulting in an initial volume V; = (100 m)3, a volume change AV = —3W?2Us, and a
volumetric strain rate e,y = —3U;/W for each cubic voxel. Dislocation slip U = [0, 0, —Us]
is confined to the direction perpendicular to each patch’s surface, and slip is uniform across
all three patches corresponding to tensile opening or closing. This parameterization describes
the observed rates of subsidence in terms of the volume change rate of the reservoir. Similarly,
subsidence can be interpreted in terms of volumetric strain rates. Reinisch et al. (2018) pre-
viously found that thermal contraction is the most likely driving mechanism for subsidence at
Brady; thus, we interpret these estimates as thermal volumetric strain rates. Figure 2.5 shows
this parameterization with the corresponding mean volumetric strain rate per cubic voxel after

applying this parameterization to all 197 pairs in our data set.

2.3.2 Temporal Adjustment

We analyze the estimated volumetric strain rates using temporal adjustment. This procedure
converts pair-wise volumetric strain rates € from a set of interferometric pairs into a series of
cumulative values of volumetric strain at distinct points in time (Reinisch et al., 2017). This
approach assumes separable temporal and spatial dependencies of the deformation field (Feigl
& Thurber, 2009; Reinisch et al., 2017). First, we apply temporal adjustment to each cubic

voxel to determine how thermal volumetric strain varies temporally over the field. We start by
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using a single-rate parameterization:

fi(ts) = ay(ti —to) (2.2)

where {5 = 2003.32 is the start date of our data set in decimal years. We also consider a

piecewise-linear parameterization' with m breaks at times t,,, that form (m — 1) intervals:

fg(tz) = Z]jl”a]D(tz), where

J
(

(2.3)
D(tZ) = (tl — t]) if tj <t < thrl

(tjgr —t;)  ift; >t

\

In addition to considering the full time series of each voxel, we also aim to distinguish
temporal variations when pumping rates were changed during the March 2016 deployment
period and the Spring 2018 shutdown. Both shutdowns occur after the start of 2016, when the
available InSAR pairs are from the TSX mission. The repeat time of TSX is 11 days, making
InSAR coverage during the March 2016 deployment period fairly sparse. We supplement the
InSAR data with paired daily estimates of GPS data to improve the temporal sampling. To
analyze transient changes when well operations were varied, we perform a joint inversion of
volume change rates estimated for the deforming region shown in Figure 2.1 from both GPS
and InSAR. We define this region as a 3000-m-by-1000-m rectangular area centered on the
field (327.91 km Easting, 4407.49 km Northing in UTM zone 11) and oriented along strike
of the faulting system (about 36.4° NE). This area includes the area of observed deformation
(and significant volumetric strain rate). For each InSAR pair, we arrive at a single estimate

of volume change rate for this region by summing individual volume change rate estimates

"Equation (2.3) has been modified to use “D(t)” instead of “H(t)” to maintain consistency throughout this
dissertation.
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for each cube that is in the deforming region. When analyzing the GPS data, we are limited
to one location for the data set (i.e., the location of BRD1), making application of the “multi-
cube” parameterization impractical. Instead, estimates of volume change rate for the deforming
region are derived from GPS using a cuboid parameterization with a single 3000-m-by-1000-m
cuboid centered on the field at 100 m depth and 100 m thickness, corresponding to the “multi-
cube” parameterization used to model the InSAR data. Here we consider BRD1 an appropriate
measurement of deformation since it is located within the subsiding bowl. We continue this

joint analysis through the end of the Spring 2018 shutdown.

2.4 Results

2.4.1 Temporal Adjustment of Estimates from MSF Data Set

We use the single-rate parameterization (equation (2.2)) to apply temporal adjustment to esti-
mates of volumetric strain rate for each cubic voxel individually. For each voxel time series, we
calculate a dimensionless misfit y of the best-fitting model to the voxel’s data set of volumetric
strain rates by the square root of the reduced y>-test statistic (Strang & Borre, 1997, p. 334).
We find the range of misfits of all 1,656 single-rate time series to be [1.71, 4.38].

We also use a piecewise-linear parameterization for each cubic voxel with breaks at the
start and end of Stages 2 and 3 of the Deployment period as well as the 2018 site shutdown
(equation (2.3), m = 6). We find the range of misfits of all 1,656 cubes to be [1.62,3.92]. To
determine if the added model complexity is justified, we perform an F-test for model complex-
ity (e.g. Wackerly et al., 2007) for each of the 1,656 sets of time series between the single-rate
parameterization and the piecewise-linear parameterization. We test the null hypothesis that
the single-rate parameterization and the piecewise-linear parameterization fit the data equally
well. The results are shown in Figure 2.6. Areas where the null hypothesis is rejected are

shaded in green. In these areas, there is a significant improvement in fit using the piecewise-
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linear parameterization. To interpret this result, we note that the voxels that show significant
variability in their strain rate over time are located within the deforming part of the geothermal
field. Figure 2.1 shows the cumulative modeled range change from the piecewise-linear param-
eterization. Yearly values of this cumulative volume change are shown in profile in Figure 2.2.

Total cumulative volume change is shown in Figure 2.7.

2.4.2 Temporal Adjustment of Shutdown Periods

In addition to the full time series spanning from 2003 through 2018, we focus on March 2016
and Spring 2018 when pumping operations were varied. We perform temporal adjustment on
the volume change rates for the deforming region estimated from GPS and InSAR. As opposed
to our previous time-series analysis of volumetric strain rates per cubic voxel with 1,656 voxels
in a given interferogram, we now consider a single estimate of volume change for each InSAR
pair and each GPS pair. We use a piecewise-linear parameterization with breaks denoting the
beginning and ending dates of time intervals when pumping deviated from normal operations
(Stages 2 and 3 of the PoroTomo deployment period and between 2018 February 22 and 2018
May 1). Results are shown in Figures 2.8 and 2.9. We find a dimensionless misfit of x = 2.5.
We test whether the rate of volume change varied between stages using a Student’s T-test
(e.g., Wackerly et al., 2007). Results are shown in Table 2.1. We reject the null hypothesis
(that the rates of volume change during each stage are equal), finding a significant difference

between volume change rates of consecutive stages with 95% confidence.

2.5 Discussion

Figure 2.5 shows the mean estimate of the volumetric strain rate per cubic voxel. We see that
the estimated volumetric strain rate is significantly different from zero in 31% of the voxels. In
map view, each of these rapidly contracting voxels falls within 500 m of an active fault trace.

In addition, the area of high magnitudes of strain rate is located along strike of the fault system
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and matches the pattern of deformation.

We find that statistically significant differences in misfit values between a single-rate tem-
poral parameterization and a more complex, piecewise-linear parameterization (with breaks
when well operations were varied) are located within the deforming area observed by InSAR.
This suggests that changes in well operations affect deformation rates within this area. This
area also comprises the cubic voxels where the estimated rate of contraction is significantly
different from zero (Reinisch et al., 2018). The cumulative range change derived from tempo-
ral adjustment using the piecewise-linear parameterizations reflects the trend of the observed
subsidence following the strike of the fault system, as noted by previous studies (Ali et al.,
2016a; Reinisch et al., 2018).

Joint time-series analysis of volume change rates from GPS and InSAR also shows changes
in deformation in response to changes in well operations. We find statistically significant dif-
ferences between the volume change rates when well operations were normal and the volume
change rates when well operations were varied. In particular, we see volumetric expansion
during both site shutdowns. To further examine this relationship, we test the correlation be-
tween well operations and estimates of volume change rate in the deforming region derived
from geodetic data. We assign ordinal values to increasing levels of well operations, with zero
indicating a site shutdown, one indicating normal operations, and two indicating increased
injection (corresponding to Stage 3 of the Deployment period). Using Spearman’s rank corre-
lation test (e.g., Wackerly et al., 2007, p. 786), we test the null hypothesis that the estimates of
volume change rate of the deforming region and well operations are not correlated against the
alternative hypothesis that they are inversely and monotonically related. We find a Spearman
correlation coefficient 7, = —0.93 and a p-value of 1.7 x 1072, Thus, we reject the null hy-
pothesis at 95% confidence and conclude that the volume change rate of the deforming region
is inversely related to the (net) injection rate at the site.

Time-series analysis of geodetic data during the PoroTomo deployment period in March
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2016 indicates volumetric expansion during the site shutdown in Stage 2. Conversely, volu-
metric contraction occurs in the area during all other stages. In particular, we see a faster rate of
contraction for Stage 3, when there was increased infield injection and all of the produced fluid
was reinjected back into the subsurface. This result supports the idea proposed by Reinisch
et al. (2018) that thermal contraction in the subsurface is driving the observed subsidence at

Brady.

2.6 Conclusions

Using the “multi-cube”parameterization introduced by Reinisch et al. (2018), we analyze the
temporal evolution and spatial extent of deformation at Brady between 2003 and 2018. A
piecewise-linear parameterization with breaks during March 2016 and Spring 2018 when well
operations were varied best describes the temporal and spatial patterns of deformation at the
site. We find that in some of the voxels near the injection wells, the volumetric strain rate
varies as a function of time, particularly during time intervals when pumping was suspended.
Focusing on time intervals when well operations were varied during the March 2016 deploy-
ment period and the 2018 shutdown, we confirm a statistically significant, inverse relationship
between estimates of volume change rate of the deforming region and well operations. Site
shutdowns correspond with thermal expansion in the subsurface, whereas times of normal
operations correspond to thermal contraction. Thermal contraction of the rock matrix in the

subsurface is the most likely driving mechanism of the observed subsidence.
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Table 2.1: Results from two-tailed Student’s T-test at 95% confidence level (e.g., Wackerly et al., 2007,
p. 524) for estimated volume change rates from geodetic data during different stages of the PoroTomo
Deployment period®.

Start of Start of Rate A Rate B df test critical result
Stage A Stage B x10° m3/yr x10° m3 /yr value  value w.rt.
Hy

20160301 20160314 (—1.80%£0.56) (7.454+1.81) 11 -1376 220 reject
20160314 20160318  (7.45+1.81) (—5.19+£0.89) 9 1518 226 reject
20160318 20160324 (—5.194+0.89) (—0.39+£0.01) 627 -147.33  1.96 reject
20160324 20180222 (—0.394+0.01)  (2.03£0.10) 679 -565.11  1.96 reject
20180222 20180501  (2.034+0.10) (—1.21+£0.06) 65 -90.44  2.00 reject

®Hy: rates between interval A and interval B are equal
H,: significant difference in rates between intervals A and B
Degrees of freedom (df) are calculated from the number of pair-wise estimates within each time
interval.
This table’s format has been modified to meet dissertation formatting requirements.
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Figure 2.1: Deformation field of modeled cumulative range change in mm from using a piecewise-linear
parameterization on volumetric strain rates derived from InSAR pairs from the Envisat, TerraSAR-X,
and European Remote Sensing-2 satellites spanning from April 2003 to October 2018. Letters denote
the profile sampled in Figure 2.2. Injection wells are shown as inverted triangles, production wells are
upright triangles and the stimulation well 15-12 is denoted as a solid black square. Faults from Jolie et al.
(2015) are shown with thick black lines. Fumaroles from Coolbaugh et al. (2004) are shown with filled
circles. The red star indicates continuous GPS station BRD1. The yellow star indicates continuous GPS
station BRDY, which is used as a reference to estimate and remove far-field deformation in our analysis.
The solid black line delimits the study area for the PoroTomo project (Feigl & PoroTomo Team, 2017a).
The dashed black rectangular area central to the field denotes the deforming region used for analysis of
shutdown intervals. Coordinates are easting and northing in the Universal Transverse Mercator (UTM)
projection on the WGS84 ellipsoid zone 11 N (Snyder, 1987).
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Figure 2.2: Modeled cumulative range change along the east-west profile A - A’ mapped in Figure 2.1.
Profiles are shown for every year of the data set (solid lines) as well as at the start of each break in the
piecewise-linear parameterization corresponding to time intervals when the site was shut down in March
2016 and Spring 2018 (dashed lines).
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Figure 2.4: Measurements of relative position derived from GPS data of station BRD1 with respect to
BRDY in terms of range change along the unit pointing vector § = [—0.55,0.10, —0.82]. Values are
shown in red with black bars indicating 10 uncertainty. Vertical dashed lines delimit shutdown intervals
at the site in March 2016 and Spring 2018.
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Figure 2.5: Map of mean (thermal) volumetric strain rate estimates ¢(T) per cubic voxel (left) and
associated uncertainty per cubic voxel (right). The white line bounds the areas of significant contraction

defined by é(T) < —20.;,, where o7 = 4.0 x 1077 1/yr is the standard deviation of é(7). Other plotting
conventions as in Figure 2.1.
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Figure 2.6: Map showing the results from the F-test for model complexity at 95% confidence between a
single-rate parameterization and a piecewise-linear parameterization with breaks when well operations
were varied in March 2016 and the 2018 shutdown. The grid lines delimit the individual cubes in the
time-dependent model. The null hypothesis is rejected at 95% confidence in the cubes highlighted in
blue-green. Other plotting conventions as in Figure 2.1.
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Figure 2.8: Time series spanning the March 2016 deployment period and 2018 shutdown, showing
cumulative volume change over time from temporal adjustment of volume change rates estimated from
InSAR and GPS data. Black lines show the modeled volume change with 68% confidence intervals
(dashed black lines) as estimated by temporal adjustment with a piecewise-linear temporal function
with breaks (vertically dashed green lines) at the start/end of each deployment stage and site shutdown
(Reinisch et al., 2017). Red segments indicate measurements of observed volume change derived from
individual geodetic pairs. For each pair, the volume change at the mid-point of each time interval is
plotted to fall on the modeled curve and the vertical blue bars denote 10 measurement uncertainty after
scaling by the square root of the variance scale factor og = 2.5.



57

10!’ | |

\
W\

]
—_

W\

\

N
—

o
T

W\

Volume Change Rate [x 10° m3/yr]

-6r

W\

\

-8
o
-

\

8\'02,-0‘95'\?‘»————————4—— .
g\roz-)d\d‘og—f———————~——— —_—— Y — — — — — -
9\03"‘00—?)0»4444444A44444444444444

Z
)
p)
>
o

Figure 2.9: Estimated rates of volume change from the start of the March 2016 deployment period to
2018 October 2 after temporal adjustment of InSAR and GPS data using a piecewise-linear parameter-
ization with breaks at the start/end of each deployment stage and the 2018 shutdown. Rate estimates
are shown as dots with vertical and horizontal bars denoting the uncertainty and duration of the stage,
respectively. Dashed black lines denote breaks in the parameterization. Normal operations stages are
shown in green. Red denotes when the site was shut down (Stage 2 and the 2018 shutdown). Stage 3,
when there was increased infield injection and pulsing, is shown in blue. The solid black line denotes a
break in the time axis.
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3 Geodetic Measurements and Numerical Models of Deformation at Coso

Geothermal Field, California, USA, 2004-2016

Portions of this work are to be submitted to Remote Sensing of Environment in Fall 2019 with
the following author list: Elena C. Reinisch, S. Tabrez Ali, Michael Cardiff, J. Ole Kaven, and
Kurt L. Feigl.

Abstract

We measure transient deformation at Coso geothermal field using interferometric synthetic
aperture data acquired between 2004 and 2016 and relative position estimated from Global
Positioning System (GPS) to quantify relationships between deformation, pumping, and seis-
micity. We parameterize the reservoir as a cuboidal sink and solve for best-fitting reservoir
dimensions and location before and after 2010. Time-series analysis is performed on resulting
volume change estimates from individual interferometric and GPS pairs. We find changes in
subsidence rate, reservoir contraction, and estimated sink depth after 2010, which we attribute
to changes in injection protocol corresponding to sustainability efforts implemented in late

2009.

3.1 Introduction

The Coso geothermal field, located near China Lake, California, is the third largest geothermal
field in the United States with an installed capacity to generate ~270 MW of electrical power.
It lies within an extensional step-over between dextral faults that hosts an actively developing
metamorphic core complex (Unruh et al., 2002; Monastero et al., 2005). Directly beneath the
field lies a partially molten magma body, located below the relatively shallow (~5 km depth)

brittle-ductile transition, which heats water migrating deep into the geothermal area following
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precipitation in the Sierra Nevada mountain range (Fournier et al., 1980). The buoyant hot
water eventually rises via faults and fractures associated with the transtensional tectonics of
the region into the reservoir comprised of highly fractured plutonic and metamorphic rocks
of Mesozoic age (Monastero et al., 2005; Davatzes & Hickman, 2010). Fluid temperatures
within the reservoir reach ~350° C at the relatively shallow depths of ~3 km tapped by more
than 80 production wells (Figure 3.1). Following generation of electricity and condensation,
the fluids are reinjected via more than 30 injection wells around the field. The average rates
of (fluid) production and reinjection between 2004 and 2016 have been (24.30 + 0.27) x 10°
kg/month (92410 kg/s) and (11.7240.02) x 108 kg/month (446 +7 kg/s), respectively, which,
neglecting natural recharge, corresponds to a net extraction rate of ~12.58 x 10® kg/month
(478 kg/s) (Division of Oil, Gas, and Geothermal Resources, 2016). In late 2009, the reservoir
operators of the Coso Geothermal Plant implemented the Hay Ranch Water Project, which
uses a ~15-km pipeline to recharge the existing reservoir at Coso with supplemental water,
thereby increasing geothermal energy production (e.g., TEAM Engineering & Management,
Inc., 2018; OpenkEl, 2015).

Coso geothermal field is well known for being one of the most seismically active regions
in California. Previous studies at Coso have linked such seismicity to the motion of fluids
within the geothermal system and changes in local tectonic stress (e.g., Fialko & Simons, 2000;
Bhattacharyya & Lees, 2002; Kaven et al., 2011, 2012, 2013; Schoenball et al., 2016). Geodetic
studies have also noted that the area of observed subsidence corresponds with the production
region near the Coso geothermal plant (e.g., Fialko & Simons, 2000), leading to the suggestion
that geothermal fluids are driving both the deformation and seismicity at the site.

Similar phenomena have been observed at other geothermal fields, as recently reviewed by
Majer et al. (2007), Brodsky & Lajoie (2013), and Ellsworth (2013). One example is Brady
Hot Springs, a geothermal field in Nevada. Here, Cardiff et al. (2017) find evidence relating in-

creased microseismic activity to periods of brief cessations in pumping at the site. Such behav-
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ior is explained by the adaptation of subsurface effective stress to long-term normal operations,
such that “extraction of fluids inhibits fault slip by increasing the effective stress on faults; in
contrast, brief pumping cessations represent times when effective stress is decreased below its
long-term average, increasing the likelihood of microseismicity” (Cardiff et al., 2017).

In this study, we further explore the associations amongst pumping, seismicity, and defor-
mation at Coso to examine the strength of their relationships as well as identify geophysical
mechanisms that could explain such relationships. We use an updated seismic catalog, pumping
records from the site, as well as interferometric synthetic aperture radar (InSAR) and Global

Positioning System (GPS) data spanning from 2004 to 2016.

3.2 Data

3.2.1 InSAR

We analyze 38 synthetic aperture radar (SAR) images acquired between 2004 and 2016 over
Coso. Of these, 34 SAR images were acquired in ascending track 349 between 2004 and 2010
by the C-band ASAR sensor aboard the Envisat satellite (McLeod et al., 1998). An additional
4 SAR images were acquired after 2014 in ascending track 64 by the C-band sensor aboard the
Sentinel-1A satellite (Geudtner et al., 2014). We use the images to create 91 interferometric
pairs using an open-source InSAR processing software (GMTSAR), which utilizes Generic
Mapping Tools (GMT) to create and visualize interferometric pairs (Sandwell et al., 2011a,b).
The topographic contribution in the interferograms is removed using a digital elevation model
with 1 arc-second posting from the Shuttle Radar Topographic Mission (Farr et al., 2007). Un-
wrapping is performed using the “statistical-cost, network-flow phase-unwrapping algorithm”
(Snaphu) developed by Chen & Zebker (2000) to calculate the range change rate p in millime-
ters per year. Subsidence (positive range change) as rapid as ~30 mm/year is observed over a

circular area some 3 km in radius centered on the production wells (Figure 3.1). This signature
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is consistently observed in all interferometric pairs spanning the production interval between
2004 and 2016, as shown in Figure 3.2. The rate and spatial extent of the deformation field are
broadly consistent with InSAR data spanning 1993 to 1999 (Fialko & Simons, 2000).

The pairs from ENVISAT are selected using a minimum spanning tree (MST) algorithm
according to orbital separation (e.g., Reinisch et al., 2017). The same data set was used in
a previous deformation modeling study at Coso (Ali et al., 2016b). To summarize individual
interferometric pairs, we consider the field of unwrapped range change rate p(F, N). The
mean rate between 2005 and 2010 is derived by averaging range change rates from our 81
ENVISAT pairs (Figure 3.1), where £ and N are the position coordinates easting and northing,
respectively in a Universal Transverse Mercator (UTM) projection (Snyder, 1987). The k'

pixel of the mean rate field g, (E, N) is computed as
- 1 &
(B, N) = — S p(E, N 3.1)
EN) = 13 (B )

We use the same averaging procedure to form a second stack, spanning 2014 to 2016, from the

10 pairs in the Sentinel-1A data set.

322 GPS

Data from continuous GPS station COSO provides daily estimates of the three components
(eastward, northward, and upward) of relative position. The station is a part of the Southern
California Integrated GPS Network and is located within 5 km of the center of the identified
subsidence bowl. The GPS time-series data have been analyzed using methods outlined in
Herring et al. (2016) and are publicly available (Hudnut et al., 2006). The time series has
also been analyzed according to procedures outlined in Blewitt et al. (2018); this time series is
publicly available as well (Blewitt, 2018b).

Data are also available from campaign GPS station COSJ, located to the northwest of the

deforming region. This station is a part of the MAGNET network with publicly available time
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series of relative position that have been analyzed using standard procedures outlined in Blewitt
et al. (2018) (Blewitt, 2018a).

We use a subset of the time series from station COSO that spans from 2004 to 2015 to
analyze deformation within the deforming region. We use data from COSJ to estimate far-field
deformation. We work with GPS estimates analyzed according to Blewitt et al. (2018) when

comparing displacement between COSO and COS]J in order to maintain consistency.

3.2.3 Accuracy

We analyze the accuracy of unwrapped InSAR range change rates by comparison to GPS mea-

surements. Starting with our ENVISAT pairs, we first convert the GPS estimates of vector

displacement u from both stations to range change Ap by taking the negative scalar product
ENVI) _

with the unit vector §( = [0.35; 0.08; —0.93] pointing from the pixel on the ground to the

radar sensor aboard the satellite.

A p(GPS) _ _gBNVI)  (GPS) 3.2)

We then linearly interpolate and extrapolate Ap(GP5COS0) and Ap(GPS.COST) in time to find
estimates corresponding to the start and end dates of the ENVISAT pairs. The GPS range
change values at individual points in time are then converted to pairs by first taking the dif-
ference between range change estimates from COSO and COSJ to remove the far-field de-
formation and then by time corresponding to the time intervals of the ENVISAT pairs. The
uncertainty for the range change estimated from GPS is derived from measurement uncertainty
at each station. Differenced range changes are then converted to range change rates after di-
viding by the time interval for each pair. We find an estimated range change rate of 3.8 mm/yr
at COSO with respect to COSJ. We then difference the InNSAR range change measurements for
pixels corresponding to COSO with measurements for pixels corresponding to COSJ from the

ENVISAT pairs. We use the standard error of the mean as an estimate of uncertainty for the
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range changes observed using InSAR. The mean range change rate at COSO with respect to
COS]J as measured by ENVISAT is 5.8 & 10.7 mm/yr. We compare the difference between the
GPS and InSAR data sets for unwrapped range change rates estimated at COSO with far-field
deformation effects removed using a Student’s one-sample T test (e.g. Wackerly et al., 2007).
We test the null hypothesis that the means of the two data sets are equal. We find 7., = —1.3,
which is less in absolute value than the critical value T,,/2,—s0 = 2.0. Thus, we conclude
(with 95% confidence) that there is no significant difference between mean range change rate
estimated from GPS and measured by ENVISAT.

We perform the same procedure for our Sentinel-1A (S1A) pairs. In this case, we use the
Sentinel-1A unit pointing vector §¢¥14) = [0.63;0.11; —0.77] to derive the corresponding range
change rates from GPS. The estimated range change rate at COSO with respect to COSJ from
GPS over the 2014-2016 time frame is 4.6 mm/year. The mean range change rate at COSO
with respect to COSJ as measured by Sentinel-1A is 3.3 &= 2.2 mm/yr. Repeating the same test
at 95% confidence, we find 7, = 2.1 to be less than the critical value T, /2 ,—9 = 2.3. Thus,
we conclude that there is no significant difference between range change rate estimated from
GPS and measured by Sentinel-1A.

Figures 3.3 and 3.4 show histograms of the difference in range change rates between GPS

and individual InSAR pairs for both the ENVISAT and Sentinel-1A data sets.

3.2.4 Seismic Catalog

Local and regional seismicity near the Coso geothermal field is recorded by a local borehole
seismic network and analyzed by the Navy Geothermal Program Office. Kaven et al. (2012)
refined the initial event locations by estimating a best fitting one-dimensional velocity model
and relocating all events. Resulting event hypocenters are found to have location uncertainties
on the order of 300 m horizontally and 600 m vertically. We analyze a subset of this catalog

that includes events that occurred in the time interval between 2005 and 2015 (Figures 3.5
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and 3.6). The average values of seismic velocities in this region are 5.8 and 3.5 km/s for V),
and Vi, respectively. The average Poisson’s ratio is thus v = 0.21. Given the average V,,, we
estimate the density of the surrounding material to be about 2.6 g/cm® (Lindseth, 1979). This is
consistent with other density estimates at Coso (e.g., Feighner & Goldstein, 1990; Monastero
et al., 2005). To analyze the seismicity associated with the geothermal reservoir, we select
only those events with hypocenters located within the ellipsoidal volume modeled as a sink
that fits the ENVISAT stack (Ali et al., 2016b). A Gutenberg-Richter plot of the relationship
between number of events and magnitude indicates that this subset of the catalog is complete

to magnitude O (Figure 3.7).

3.2.5 Pumping Records

Pumping records for the monthly rates of gross injection and gross production in kilograms
per month for the Coso geothermal power plant from 2005 to 2016 (Figure 3.8) have been

published by the Division of Oil, Gas, and Geothermal Resources (2016).

3.3 Methods

3.3.1 Estimating Volume Change of the Reservoir

A previous modeling study by Ali et al. (2016b) uses a poroelastic, homogeneous model to de-
scribe the deformation at Coso. Their 2-dimensional, axisymmetric numerical model consists
of a confined reservoir embedded within impermeable host rock with a domain that is 100 km
long (X-axis) and 50 km deep (Z-axis). A single well at the center of the reservoir is used to
withdraw the fluid at a rate corresponding to an annual pressure drop of 0.33 MPa/yr. They
assume a Biot coefficient of unity, a porosity of 5%, a uniform permeability of k¥ = 1074 m?,

a Poisson’s ratio of 0.25, and a static Young’s modulus of 25 GPa for the entire domain, includ-

ing the reservoir. A pressure boundary condition for the maximum possible pressure drop of
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0.33 MPa/yr, corresponding to a drop in hydraulic head of 33 m/yr is imposed at a single node
in the center of the reservoir. Using the finite element code DEFMOD (Ali, 2014; Meng, 2017)
and the stack of ENVISAT pairs, they solve the coupled deformation-diffusion equation (e.g.
Zheng et al., 2003, eq. 5 and 8) to estimate the dimensions of the reservoir. Their best-fitting
results are shown in Figure 3.9 and Table 3.1. We use these 2-dimensional results as a guide
for subsequent 3-dimensional modeling.

To arrive at refined estimates of dimensional properties and volume change of the reservoir
in this study, we model the deformation in each of the 91 interferometric pairs using a “cuboid”
parameterization to include a single sink at a given depth in an elastic half space with uniform
material properties (Okada, 1985). In this model, the cuboid represents a volume element with
sides of width W, length L, and height A, with an initial volume of V(; = LW H. The cuboid is
sliced into eight equal-sized octants by three rectangular patches that are mutually orthogonal.
Each rectangular patch is a dislocation with a negative value of tensile opening. The slip u; on

a singular patch is proportional to the ratio of its area to the total volume change:

AV = u,LH + uy3W H + u, LW. (3.3)

The model parameters, including the source location, volume change, cuboid dimensions, and
InSAR-related nuisance parameters (e.g. Feigl & Thurber, 2009; Reinisch et al., 2018), along
with their uncertainties, are estimated using simulated annealing methods employed by the
General Inversion of Phase Technique (GIPhT) (Feigl & Thurber, 2009; Ali et al., 2014).

The temporal distribution of our InSAR data set divides our deformation modeling into
two distinct time intervals: 2004 to mid-2010 (corresponding to ENVISAT pairs), and 2014 to
2016 (corresponding to Sentinel-1A pairs). Working with the same stack of ENVISAT pairs
as Ali et al. (2016b), we estimate all the model parameters starting with initial estimates based
on the best-fitting results from Ali et al. (2016b) (Table 3.1). We assume the Poisson’s ratio

to be v = 0.21, consistent with the average values of seismic velocities used to locate the
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seismicity (Kaven et al., 2013). We then take the best-fitting estimates for the sink location and
cuboid dimensions found from the stack inversion to be fixed and estimate individual volume
change for each of our 81 ENVISAT interferometric pairs. We repeat the same procedure for

the Sentinel-1A pairs using their corresponding stack.

3.3.2 Time-Series

To analyze the trend of the deformation over time, we perform time-series analysis using tem-
poral adjustment on the set of volume changes AV ; estimated from the individual InSAR
pairs spanning the time intervals from ¢; to ¢;. This procedure converts the pair-wise volume
changes AV] ; for individual interferometric pairs into a cumulative value of volume change
at each point ¢; and ¢; in time (Reinisch et al., 2017). As described previously, this approach
implicitly assumes that the temporal dependence and spatial dependence of the deformation
field are separable functions (Feigl & Thurber, 2009; Reinisch et al., 2017). Accordingly, we

write the vector displacement field u as

u(t,z) = f(t)G(x) (3.4)

Where f(t) is a function of time ¢ only and G(x) is a function of spatial position coordinate x
only. In our case we consider G(x) to be the model of a cuboidal sink contracting in a half space
with uniform elastic properties. For the temporal function, we consider several possibilities,

including constant rate during the time interval between 2004 and 2010:

fi(ts) = a1 (ti—to) (3.5)
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where the initial time ¢, = 2003.87 is the start date of our data set in decimal years, and

constant rate during the time interval between 2010 and 2016:

fa(ti) = ao(ti—t1) (3.6)

where the time ¢; = 2010 refers to the date when pumping operations were altered at Coso
(e.g., TEAM Engineering & Management, Inc., 2018; OpenEI, 2015; Eneva et al., 2018). To
model the full data set, we use a piecewise-linear parameterization with m breaks at times ¢,,

that form (m — 1) segments:

fg(tl) = EngCL]D(tz), where
(

3.7
D(tZ) = (tz — t]) if tj <t < tj+1

(tj—H — tj) if tz‘ Z tj+1'

\

We use this function with m = 2, m = 4, and m = 12. We also consider an exponentially

decaying rate parameterization

fa(t;) = ae (1 —exp (—ti ; to)) (3.8)

where 7 is a characteristic time scale found through nonlinear optimization.

To increase data coverage, we also analyze the volume change in the temporal dimension
using displacement data from GPS. We difference each daily record of relative position in our
data set with the previous day’s record, resulting in 3,650 measurements of differential position,
i.e. displacement. We then convert these displacements to range change using Equation (3.2)
and divide by the time interval At = t;—t,; of the paired values to arrive at the range change rate

p- We estimate the volume change and reservoir depth in a similar manner to the InSAR data
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set by taking the best-fitting estimates for the source location and cuboid dimensions found
from the stack inversion to be fixed. We then perform a similar time-series analysis on the

resulting volume change rates to that of the InSAR data using temporal adjustment.

3.4 Results

3.4.1 Deformation Modeling

The results from applying the “cuboid” parameterization to mean range change rates from both
the ENVISAT and Sentinel-1A stacks are shown in Figures 3.10 and 3.11 as well as Tables 3.2
and 3.3, respectively. We find an estimated depth of reservoir to be 2.4 km for the time period
covering 2004 to 2011, consistent with the results from Ali et al. (2016b), while the estimated
depth of the reservoir from 2014 to 2016 is 3.1 km. We calculate the dimensionless misfit
x = 1.7 of the model to the ENVISAT data as the square root of the reduced y>-test statistic
(Strang & Borre, 1997, p. 334). Similarly, we find the misfit of the model to the Sentinel-1A
stack tobe y = 1.2.

We similarly estimate the reservoir depth before and after 2010 using the GPS data and
source location estimates from the InSAR stacks. We find that the best-fitting estimated reser-
voir depth for observations before 2010 is (2.6 £ 0.5) km, whereas the best-fitting estimated
reservoir depth for observations after 2010 is (3.1 £ 0.6) km. For these solutions, the misfit y

is 1.4 and 1.6, respectively.

3.4.2 Time-Series Analysis

We start by parameterizing the volume change estimates before and after 2010 by separate,
single-rate temporal functions corresponding to when well operations were varied at the site
(e.g., TEAM Engineering & Management, Inc., 2018; OpenEI, 2015; Eneva et al., 2018). Due

to a lack of data between 2011 and 2014, we also include a break at the end of the ENVISAT
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data set (September 3, 2010). Interferometric pairs included in the analysis are shown in Fig-
ure 3.12. For the InSAR data, we parameterize all the ENVISAT estimates between 2004 and
2010 using a single rate, and then similarly parameterize all the Sentinel-1A estimates between
2014 and 2016 using a single rate function. We cannot estimate any volume change for the time
between 2011 and 2014, when we have no InSAR coverage. The results for this parameteriza-
tion (equation (3.7), m = 4) are shown in Figure 3.13. We calculate the dimensionless misfit
to be x = 0.5. We perform a two-tailed Student’s T test to test the null hypothesis that these
two estimated rates are equal (e.g., Wackerly et al., 2007). We find a significant difference
between the estimated rate before 2010 and the estimated rate after 2014 with 95% confidence
(Table 3.4).

We also use a piecewise-linear temporal function with breaks on June Ist and Decem-
ber 1st of each year from 2005 to 2010 (equation (3.7), m = 12) to further examine if any
seasonal trends we see in the pumping records (Figure 3.8) are reflected in the InSAR data
before changes in well operations. We perform an F test for model complexity to decide
whether the increased complexity of the piecewise-linear model is justified (e.g., Wackerly
et al., 2007, pp. 536 and 627). We test the null hypothesis that the single rate parameterization
and the piecewise-linear parameterization fit the data equally well at 95% confidence. We find
Feyie = 0.94, which is less than the critical value F,—y 05 = 1.43 with degrees of freedom
df, = 90 and df; = 79. We conclude that the complexity of the piecewise-linear model is not
justified with 95% confidence and continue with the single rate parameterization.

We use the same single-rate temporal functions for analyzing volume change estimated
from GPS, treating the data before 2010 and after 2010 separately, as shown in Figure 3.14
(equations (3.5) and (3.6)). We calculate the dimensionless misfit for the pre-2010 interval
to be x = 2.3. The dimensionless misfit for the post-2010 interval is x = 1.5. We perform
a two-tailed Student’s T test to test the null hypothesis that the rates in the two intervals are

equal (e.g., Wackerly et al., 2007, p. 524). The null hypothesis is rejected with 95% confidence
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(Table 3.5) We find that the rate for the post-2010 interval is significantly smaller (slower) than
the pre-2010 rate.

We summarize these results in Figures 3.15 and 3.16. Table 3.6 compares several estimates
of the subsurface volume change rate V. Rates are derived from pumping records using a range
for production brine density of p,,.q € [990, 1250] kg/m®. Injection brine density is calculated
using the thermal expansion coefficient for water, a production temperature of 350 C°, and an
injection temperature of 160 C° (Rose, 2013). Results shown in Table 3.6 assume a density of
1000 kg/m?® for the produced brine and 1043 kg/m® for the injected brine. Net production is

calculated as the difference between rates derived from gross injection and gross production.

3.4.3 Correlation Tests

We quantify the relationship between seismicity, pumping, and deformation by performing
correlation tests on the values plotted in Figures 3.15 and 3.16. We first test the correlation
between deformation and gross production rate. Using the modeled values of volume change
derived from temporal adjustment (shown in Figures 3.15¢ and 3.16¢), we estimate the volume
change at the start of each month and compare it to the monthly gross production rate (shown
in Figures 3.15b and 3.16b). We normalize the values using a statistical Z-transform, defined
as

X —X

(3.9)

X =

Oy
(e.g., Wackerly et al., 2007, p. 181). The results are summarized in Figure 3.17. We first
consider the monotonic relationship between volume change and gross production rate using
Spearman’s test (e.g., Wackerly et al., 2007, p. 786). We find a Spearman’s correlation co-
efficient r, = 0.75 with a corresponding p-value of p = 2.14 x 1076, suggesting a strong
monotonic relationship between volume change and gross production. We further explore the
linearity of this relationship using Pearson’s test. We find a high correlation between the vol-

ume change and gross production rate, with a (Pearson’s) correlation coefficient of R = 0.75
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(e.g., Wackerly et al., 2007, p. 599). We test the null hypothesis of no correlation against the
alternative of non-zero correlation using a Student’s T test (e.g., Wackerly et al., 2007, p. 599).
We find a p-value of p = 2.2 x 10716, indicating the probability of rejecting the null hypothesis
of no correlation when it is actually true. Thus, we conclude that the positive correlation be-
tween the volume change each month and gross production rate is significant. Consequently,
this result supports our hypothesis that deformation is causally associated with pumping at
Coso. Performing the same tests with the rates of gross injection and net production yields
p-values of 5.3 x 1077 and 8.0 x 1077, respectively.

We also test the correlation between the seismicity rate (number of seismic events per
month, shown in Figures 3.15a and 3.16a) and monthly pumping rate in terms of gross in-
jection, gross production, and net production (shown in Figures 3.8, 3.15b, and 3.16b). We
consider both a monotonic relationship and a specifically linear relationship. The results are
summarized in Table 3.7 and Figure 3.18. We see that the rate of seismicity is most highly
correlated with the gross production rate. The combination of the Spearman and Pearson tests
show a strong monotonic relationship, which may be further described as linear, between the
rates of seismicity and gross production. We do not see this same confidence when compar-
ing seismicity to gross injection. Both correlation tests reject (with p-values less than 10~%)
the null hypothesis that there is no correlation between seismicity and gross production rates.
We conclude that the positive correlation between number of seismic events per month and

monthly gross production rates is significant.

3.4.4 Identifying a Driving Mechanism for the Observed Subsidence

We convert our estimates of volume change from modeling the interferometric pairs with a
“cuboid” parameterization to volumetric strain rates by dividing by the initial volume V|, of
the single cuboid and the time span At. The modeling results indicate that the cuboidal sink

is shrinking with an average volumetric strain rate of ¢ = AV /(VyAt) of the order of 90
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microstrain/year or 3 picostrain/second in absolute value. Next, we consider two possible
mechanisms: (1) thermal contraction of the rock matrix and (2) decreasing pore-fluid pressure.
Accordingly, we interpret our estimates of volumetric strain derived from our estimates of vol-
ume change as a result of temperature change and/or pressure change. Considering a decrease
in pore fluid pressure as the cause of volume change, the observed volume change rate V in the

cuboidal reservoir is related to a pressure change rate P [Pa/yr] by:

V) — (e PV, (3.10)

= P, (3.11)

where ¢, [Pa~!] is Geertsma’s uniaxial expansion coefficient, which is a coefficient analogous
to the poroelastic expansion coefficient 1/H but used in the case of a uniaxially constrained
body (Wang, 2000). The term é(”) [yr—'] is a poroelastic volumetric strain rate.

Alternatively, if we consider the volume change to be caused by thermal contraction, then
the estimated rate of volume change rate in the cuboid is related to a temperature change rate

T [K/yr] by

VD = (arT)V, (3.12)

= ¢Dy, (3.13)

where ar [K™1] is the thermal expansion coefficient and ¢ [yr_l] is a thermal volumetric
strain rate.

We can also consider a combination of these two processes through a linear combination
of Equation (3.11) and Equation (3.13).

Following the procedure in Reinisch et al. (2018), we define a priori confidence intervals
for reasonable values of strain rate under each interpretation. Using results from well logs

(Blankenship, 2016), we define mean values for the rates of change in pressure P and temper-
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ature T' with confidence intervals defined such that a rate of zero is two standard deviations

away from the mean value.

P e (=9.4+4.7) x 10° Palyr (3.14)

T e (—2.6+1.3) K/yr (3.15)

We similarly define confidence intervals for az € (1.0 £ 0.5) x 107° 1/K and ¢,,, € (5.0 +
2.5) x 10710 1/Pa (e.g., Mossop & Segall, 1997, 1999; Fialko & Simons, 2000; Wang, 2000;
Nygren, 2005; Rutqvist et al., 2015; Ali et al., 2016b). This leads to confidence intervals
for volumetric strain rate interpreted in terms of decreasing pore-fluid pressure alone, thermal

contraction alone, or a combination of thermal contraction and decreasing pore-fluid pressure:

éP) e (=5.6+4.2) x 107° yr ! (3.16)
¢M € (=2.6+2.0) x 1077 yr! (3.17)
P € (—8.2+£4.6) x 107° yr L. (3.18)

We then compare the realized a posteriori 68% confidence interval for our estimates to the
a priori 68% confidence intervals defined in Equation 3.16 to determine if any of the inter-
pretations are unreasonable. Figure 3.19 shows the resulting comparisons for ENVISAT and
Sentinel-1A pairs. In each case, we see no overlap between the realized 68% confidence in-
terval for the volumetric strain rates and the 68% confidence interval for reasonable values
of ¢T) defined a priori. We infer that the estimated values of volumetric strain rates are too
high to be attributed to thermal contraction of the rock matrix alone. In contrast, we see clear
overlap between the realized 68% confidence interval for volumetric strain rates and the 68%

P+T)

confidence interval for reasonable values of ¢ and ¢ defined a priori, with the most

(P)

apparent overlap with the ¢/ interpretation. We conclude that decreasing pore-fluid pressure

is the dominant driving mechanism causing the subsidence observed at Coso.
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3.5 Discussion

For observations before 2010, we find the best-fitting cuboidal model for the reservoir to have
a centroid depth of 2418 4+ 531 m, consistent with previous studies (e.g., Ali et al., 2016b;
Eneva et al., 2018). The results using the Sentinel-1A stack for the time interval between 2014
and 2016, however, show that the best-fitting depth for the reservoir between 2014 and 2016
is 3099 + 195 m. The reservoir depths estimated from GPS data during both the pre-2010 and
post-2010 intervals are similar to the results estimated from InSAR data.

We find that the volumetric strain is most reasonably attributed to decreasing pore-fluid
pressure during both time intervals.

We find an overall positive correlation between the number of seismic events per month and
monthly gross production and net production rates. However, closer examination of Figure 3.15
suggests a seasonal trend during the months of May and June when the net production rates
are decreased and then increased by the plant. We see that the number of seismic events
tends to increase during this temporary decrease in net pumping rate operations before 2010.
Similar behavior has been explained at Brady Hot Springs by the adaptation of subsurface
effective stress to long-term normal operations (Cardiff et al., 2017). To determine if the same
mechanism could be occurring at Coso, we evaluate the correlation between monthly seismicity
rates and monthly rates of both gross and net production before and after the start of 2010
(Figure 3.20). We see no apparent correlation between production rates and seismicity rates
after the start of 2010. In contrast, when limiting the data set to before 2010, we discern a
negative linear correlation between seismicity rates and net production rates, with a Pearson’s
correlation coefficient of R = —0.65 and p-value of p = 2.0 x 1078.

A sustainability effort, termed the Hay Ranch Water Project, was implemented in late 2009
to recharge the existing reservoir at Coso with supplemental water (e.g., TEAM Engineering

& Management, Inc., 2018; OpenEIl, 2015). With this development in mind, we suggest that
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before the implementation of the recharge pipeline, the effective stress conditions at Coso
had adapted to long-term normal operations. Subsequently, recharging the reservoir may have
altered this behavior, thus decreasing the effect of changes in pumping rate on seismic activity.
The results from the geodetic modeling suggest that the depth to the center of the reservoir
increased after 2010. A change in reservoir depth could be explained by reservoir depletion
after 2010, when the pumping rate was increased (e.g., Eneva et al., 2018). If the fluid level
in the reservoir drops, then faults that were previously saturated by fluids within the reservoir
would no longer be filled with such pressurized fluids. This Coulomb effect would explain the
correlation between monthly seismicity rates and pumping rates before 2010 and the lack of
correlation thereafter. An increase in reservoir depth after 2010 could also explain the decrease
in maximum deformation rates observed by InSAR after 2010 (e.g., Sentinel-1A pairs), as
shown in Figure 3.2 and found in previous studies (e.g., Eneva et al., 2018). The magnitude of
displacement at the surface decreases as the depth of the sink increases (e.g., Okada, 1985).
We also find a significant difference between volume change rates estimated before 2010,
between 2010 and 2011, and after 2014 from our InSAR data set. The previous reasoning
explains the decrease in estimated volume change rate between pairs before 2011 and pairs after
2014. The significant increase in the first 6 months following completion of the Hay Ranch
project could be explained by the increased pumping activity at the site, as suggested by Eneva
et al. (2018, their Figure 4) and apparent in Figure 3.8. The strong correlation between the
amount of volume change and pumping rates (Figure 3.17) corroborates such an explanation.
Comparing the volume change rates in Table 3.6, we find that the estimates of volume
change rate of the reservoir from deformation modeling are an order of magnitude less than
those predicted through standard density calculations using the pumping records. Under the
simple assumptions of a nearly incompressible fluid in a poroelastic half space, Segall (1985)
interprets Skempton’s coefficient B as the “ratio of solid volume change to change in pore

fluid volume.... Thus, for example, if water is uniformly withdrawn from a rock with B = 0.8
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the volumetric contraction of the rock is 80% of the volume of the extracted water.” Deng
et al. (2016) give the range of Skempton’s coefficient for crustal rock to be between 0.5 and
0.9. Given the metamorphic setting of Coso with basalt and rhyolites present (e.g., Monastero
et al., 2005; OpenEl, 2015), values for B could fall below this range as well (e.g., Zencher
et al., 2006). Considering the recharge to the system, a value of B around 0.65 would explain
the discrepancy between volume change rate estimates in Table 3.6.

Eneva et al. (2018) have also suggested poroelastic effects to explain the subsidence at
Coso. The model presented by Segall (1985) for depleting a reservoir at constant rate and
source location has been used to describe changes in subsidence at other geothermal fields
(e.g., Barbour et al., 2016). According to this model, if the rate of production (or net extrac-
tion) is constant, then the response in terms of subsidence would vary as a smooth function of
time. To test this possibility, we perform temporal adjustment using a temporal function with
exponentially decaying rate (equation (3.8)) with a characteristic time constant 7 = 18 yr found
through nonlinear optimization. Our cuboidal models estimated from the InSAR and GPS data
sets show different reservoir depths before and after 2010, which violate the model assump-
tions from Segall (1985). Instead, we use the differential (day-to-day) measurements of vertical
displacement corresponding to the pairs in the GPS data set. We find a misfit of y = 2.0. For
comparison, we perform temporal adjustment on the pair-wise vertical displacements using a
piece-wise linear parameterization with a break on 2010 January 1 (equation (3.7), m = 2), af-
ter the well operations were altered. We find a misfit of y = 1.8, indicating a better fit than the
smooth model corresponding to a reservoir depleting at constant rate. Again using an F-test,
we reject the null hypothesis that the two models provide equally good fit with 95% confidence.
We conclude that the changes in subsidence rate, reservoir contraction, and sink depth are due
to the change in injection protocol in late 2009. Apparently, the geothermal system at Coso is
too complex to be explained by a model of a simple sink with constant rate of depletion and

constant location.
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3.6 Conclusion

Using methods outlined previously (Reinisch et al., 2018), we have advanced the characteriza-
tion of the subsidence observed by InSAR at Coso geothermal field by estimating the volume
change rate for each interferometric pair using a “cuboid” parameterization. Using temporal
adjustment, we find a significant difference between volume change rates estimated before and
after 2010 with 95% confidence. We also identify decreasing pore-fluid pressure as the domi-
nant mechanism driving the observed deformation. We confirm a significant positive correla-
tion between deformation and production rate. We also confirm an overall positive correlation
between seismicity rate and gross production rate. There is a negative correlation between
seismicity rate and net production before 2010, suggesting that subsurface effective stress con-
ditions at Coso had adapted to long-term normal operations at that time. However, we do
not find the same correlation past 2010, which appears to be a result of sustainability efforts

implemented at Coso in late 2009 and the subsequent increase in depth of the reservoir.
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Table 3.1: Finite element modeling results from Ali et al. (2016b).

Parameter Name Best-fitting Estimate  Uncertainty
Easting in m 428651.3 1000
Northing in m 3987538.4 1000
Reservoir Depth in m 2366.6 250
Reservoir half thickness in m 2053.1 250
Reservoir half length in m 3027.2 500
Young’s Modulus in GPa 25 0
Poisson’s Ratio 0.25 0
Pressure Change in MPa -0.3 0
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Table 3.2: Results from nonlinear inversion with a “cuboid” parameterization on the stack of MST

Envisat pairs.

Parameter Name Best-fitting Estimate  Uncertainty
Easting gradient dp/dx 6.78E-08 2.19E-07
Northing gradient 0p/dy -9.93E-09 1.86E-07
Upwards gradient 0p/dz -9.97E-07 9.67E-07
Offset in cycles -0.5 0.8
Poisson ratio v 0.21 0
Volume Change AV [m®] 2.02E+05  2.81E+04
Centroid Easting £ in m 428580.4 531.3
Centroid Northing NV in m 3987509.0 250.0
Centroid Depth in m 2418.2 531.3
Cuboid L in m 3.07E+03 3.23E+02
Cuboid W in m 2.28E+03 2.25E+02
Cuboid H in m 1.95E+03 2.42E+02
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Table 3.3: Results from nonlinear inversion with a “cuboid” parameterization on the stack of Sentinel-

1A pairs.
Parameter Name Best-fitting Estimate  Uncertainty
Easting gradient dp/dx 1.64E-09 6.25E-08
Northing gradient 0p/dy -1.39E-07 9.38E-08
Upwards gradient 0p/dz 6.73E-07 2.19E-06
Offset in cycles -0.5 0.6
Poisson ratio v 0.21 0
Volume Change AV [m®] -1.07E+06  2.25E+05
Centroid Easting £ in m 428870.4 48.4
Centroid Northing NV in m 3986482.0 46.9
Centroid Depth in m 3098.7 195.3
Cuboid L in m 3.12E+03 4.84E+01
Cuboid W in m 2.34E+03 4.84E+01
Cuboid H in m 1.93E+03 4.84E+01
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Table 3.4: Results from two-tailed Student’s T test with degrees of freedom df at the 95% confidence
level (e.g., Wackerly et al., 2007, p. 524) for estimated volume change rates.

Hy: equal rates

Hj: rates differ

Start of Start of Rate 1 Rate 2 df test critical result
break 1 break 2 value  value
x10% [m*/yr] %106 [m3/yr]

20031114 20100101 (—1.24+0.04) (—1.3+0.29) 78 395 199 reject H,
20031114 20141102 (—1.2+0.04) (—0.80£0.05) 76 -25.16  1.99 reject [,
20100101 20141102 (—1.3+£0.29) (—0.80+£0.05) 16 -4.67  2.12 reject H,
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Table 3.5: Results from two-tailed Student’s T test with degrees of freedom df at the 95% confidence
level (e.g., Wackerly et al., 2007, p. 524) for estimated volume change rates from geodetic data pre-2010

and post-2010.
Hy: no significant difference in rates
H;: signficant difference in rates

Pre-2010 rate Post-2010 rate df testvalue critical value result
%105 m3/yr x10° m3/yr
(-1.24+0.02) (—8.10£0.09) 3638  -843.22 1.96 reject Hy




Table 3.6: Estimates of subsurface volume change from multiple data sets.

data source

V [liter/s]

Gross injection (Division of Oil, Gas, and Geothermal Resources, 2016)
Gross production (Division of Oil, Gas, and Geothermal Resources, 2016)
Net production (Division of Oil, Gas, and Geothermal Resources, 2016)
Cuboid sink estimated from InSAR data from 2005 to 2010

Cuboid sink from InSAR data from 2014 to 2016

Cuboid sink estimated from GPS data from 2005 to 2010

Cuboid sink from GPS data from 2014 to 2016

Average recharge (Spane Jr, 1978; Austin & Moore, 1987)

427 + 105
—924 £ 202
—497 £ 228

-38+t1
—25£2
—38+t1
—26£3

130

84
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Table 3.7: Results from correlation tests between number of events per month and monthly pumping
rates.

pumping category Spearman’s [, Spearman’s Pearson’s R  Pearson’s

p-value p p-value p
gross injection 0.20 0.05 0.15 8.1 x 1072
gross production 0.68 2.6 x 1071? 048 5.7x107°

net production 0.50 8.1 x 10710 0.36 2.8 x107°
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Figure 3.1: Interferogram showing the field of stacked unwrapped range change rate 5(E, N) from 81
ENVISAT pairs. The pairs span from 2004 to 2010 and are selected using a minimum spanning tree
algorithm according to orbital separation. Production wells are shown as upright, red triangles and
injection wells are shown as inverted, blue triangles. GPS stations are labeled and denoted with black
stars. Coordinates are easting and northing [km] in Universal Transverse Mercator (UTM) projection

zone 11N, WGS84 (Snyder, 1987). Faults from Jennings (1975) and Jennings et al. (2000) are shown
as thin black lines.
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Figure 3.2: Example interferograms from ENVISAT and Sentinel-1A satellites spanning the production
interval. For each pair (row), the left panel shows wrapped phase in cycles, the middle panel shows
range change rate in mm/year, and the right panel shows values of range change rate in mm/year taken
along the profile (thick black line in the middle panel). The incidence angle (between line of sight from
the satellite and pointing straight down) is 21.1° and the azimuth (from North) is 94.6° for ENVISAT
pairs. The incidence angle is 39.7° and the azimuth is 96.3° for Sentinel-1A pairs. One cycle of color
in wrapped phase corresponds to 28 mm of range change. Plotting conventions as in Figure 3.1.
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Figure 3.3: Histogram of differences between range change rate at COSO with respect to COSJ es-

timated from GPS using linear interpolation and extrapolation and range change rates at COSO with
respect to COSJ observed by ENVISAT pairs.
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Figure 3.4: Histogram of differences between range change rate at COSO with respect to COSJ es-
timated from GPS using linear interpolation and extrapolation and range change rates at COSO with
respect to COSJ observed by Sentinel-1A pairs.
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Figure 3.5: Map of seismic events at Coso from 2005 to 2015 with hypocenters located within the
ellipsoidal volume modeled as a sink that fits the ENVISAT stack (Ali et al., 2016b). Coordinates are
easting and northing in [km] in Universal Transverse Mercator projection zone 11N, WGS84 (Snyder,
1987). Events plotted in map view are colored by elevation in meters with respect to sea level (MRSL).
Events along the profile shown in map view are plotted in cross section according to whether they
occurred before or after 2010. Boundaries for the ellipsoidal volume used to select a subset of events
are outlined in black.
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Figure 3.6: Box plot showing elevation of events in meters with respect to WGS84 ellipsoid subset over
time period of interest. Dates are given in YYYYMMDD. Records are grouped by month. Median
values are shown in white circles, box edges indicate the 25th and 75th percentiles. The range of values
outside these percentiles but not considered outliers are shown as whiskers. Individual outliers are
shown in red. Solid black line is the elevation 1455.4 m of GPS station COSO and represents a typical
elevation at the field.
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Figure 3.7: Number of seismic events grouped by magnitude from 2005 to 2015.
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Figure 3.8: time-series showing rate of gross geothermal injection (blue), gross production (red), and

net production (green) in kg/month. Data are from the Division of Oil, Gas, and Geothermal Resources
(2016).
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Figure 3.9: Deformation fields showing the finite element modeling results from Ali et al. (2016b)
using a static Young’s modulus of 25 GPa. (a) Observed deformation field from the ENVISAT stack in
range change rate (mm/yr), (b) modeled values of range change rate from inversion with the center and
dimensions of the modeled volume outlined in black, (c) residual values (observed minus modeled).
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Figure 3.10: Deformation fields in terms of (unwrapped) range change rates from the MST Envisat
stack spanning November 14, 2003 to September 3, 2010 analyzed using nonlinear inversion methods
outlined in Feigl & Thurber (2009). The estimate of the parameter vector was based on finite element
models by Ali et al. (2016b). Inversion was performed using unwrapped range change rates. Results
are shown in terms of unwrapped range change rate: (a) observed range change rate, (b) modeled range

change rate, (c) residual between observed and modeled, and (d) absolute value of residuals. We use the
UTM coordinate system as in Figure 3.1.
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Figure 3.11: Deformation fields in terms of (unwrapped) range change rate from the Sentinel-1A stack
spanning November 3, 2014 to April 26, 2016 analyzed using nonlinear inversion methods outlined in
Feigl & Thurber (2009). The estimate of the parameter vector was based on finite element models by
Ali et al. (2016b). Inversion was performed using unwrapped range change rates. Results are shown
in terms of unwrapped range change rate: (a) observed range change rate, (b) modeled range change

rate, (c) residual between observed and modeled, (d) and absolute value of residuals. We use the UTM
coordinate system as in Figure 3.1.
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Figure 3.12: Interferometric pairs included in the temporal adjustment procedure. Pairs from component
A (shown in green) are the minimum spanning tree subset of 81 pairs from ENVISAT between 2004 and
2010 picked according to orbital separation, plotted as the perpendicular component of the “baseline”
vector separating the satellite’s trajectories at the two times (“epochs”) of image acquisition. Pairs from
component B (shown in red) are the 10 pairs from the Sentinel-1A satellite between 2014 and 2016.
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Figure 3.13: Time series at Coso, showing cumulative volume change in the cuboidal source over time
from temporal adjustment of volume change rates estimated from InSAR data spanning 2004 to 2016.
Black lines show the modeled volume change with 68% confidence intervals (dashed lines) as estimated
by temporal adjustment with a piecewise-linear temporal function (Reinisch et al., 2017). Red segments
indicate measurements of observed volume change derived from individual interferometric pairs. For
each pair, the volume change at the mid-point of each time interval is plotted to fall on the modeled
curve and the vertical blue bars denote 10 measurement uncertainty, after scaling by the square root of
the variance scale factor.
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Figure 3.14: Time series at Coso, showing cumulative volume change over time from temporal adjust-
ment of volume change rates estimated from GPS data spanning 2004 to 2016. Data before 2010 is
shown above. Data after 2010 is shown below. Plotting conventions as in Figure 3.13.
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Figure 3.15: Comparison of analyzed data sets at Coso showing rates and cumulative values before 2010.
For each panel, the rate is shown in blue with the scale on the left and the cumulative amount in orange
with the scale on the right. (a) Seismicity in terms of monthly rate of seismic events located within
the main field (blue) and cumulative events per month (orange). (b) Pumping in terms of monthly rate
of gross production [kg/month] (blue) and cumulative gross production [kg]. (c) Best-fitting estimates
of volume change from temporal adjustment of InSAR data in terms of monthly volume change rate
[m? /month] (blue) and cumulative volume change with 68% confidence bounds (orange). (d) Best-
fitting estimates of volume change from temporal adjustment of GPS data in terms of monthly volume
change rate [m? /month] (blue) and cumulative volume change with 68% confidence bounds (orange).
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Figure 3.16: Comparison of analyzed data sets at Coso showing rates and cumulative values after the
start of 2010. Plotting conventions as in previous figure.
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Figure 3.17: Scatter plot showing the monthly volume change estimated from temporal adjustment of
InSAR data and monthly gross production rates.
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Figure 3.18: Scatter plots showing the number of seismic events per month and (a) monthly gross
injection rate, (b) monthly gross production rate, and (c) net production rate.
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Figure 3.19: Histograms of best-fitting estimates of volumetric strain rates interpreted in terms of ther-
mal contraction of the rock matrix (first row), a decrease in pore-fluid pressure (second row), and a
linear combination of the two (third row) for ENVISAT pairs corresponding to the time interval from
2004 to mid-2010 (first column) and Sentinel-1A pairs corresponding to the time interval between 2014
and 2016 (second column). Overlain are 68% confidence intervals for reasonable values defined a priori
(red) and realized values from deformation modeling (green). Also shown is the best fitting estimate of
mean strain rate (black) found from temporal adjustment with a single rate temporal function.
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Figure 3.20: Scatter plots showing normalized monthly seismicity rate compared to normalized monthly
gross production rate (first column) and normalized monthly net production rate (second column) both

before and after the start of 2010 (first and second rows, respectively).
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4 Spatio-temporal Analysis of Deformation at San Emidio Geothermal

Field, Nevada, USA Between 1992 and 2010

This work has been submitted to Remote Sensing special issue “InSAR for Earth Observation”
on June 28, 2019 with the following author list: Elena C. Reinisch, Michael Cardiff, John
Akerley, lan Warren, and

Kurt L. Feigl.

Abstract

Although subsidence has been observed at San Emidio geothermal field in Nevada using inter-
ferometric synthetic aperture radar since the early 1990s, the spatial extent and temporal evo-
lution of the subsidence have not heretofore been quantified. We develop a deformation model
to characterize the spatial extent of subsidence at San Emidio in terms of volume change of the
reservoir. We also examine the temporal relationship between the observed deformation and
pumping at the site. Comparison between data products from our analysis and SQUEESAR
data products from a previous study at San Emidio identifies distinctions between different
approaches to interferometric deformation analysis for areas with poor correlation and low

quality interferograms.

4.1 Introduction

San Emidio geothermal field is located ~100 km N of Reno, Nevada in the Basin and Range
Province. The field resides in the San Emidio Desert with the Fox Range to its west and
the Northern Lake Range to its east (Rhodes, 2011). The faulting regime at San Emidio is
predominantly N-striking and W-dipping and consists of two major faults: the Northern Lake

Range fault and the San Emidio fault (Rhodes, 2011; Eneva et al., 2011). Near the operating
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power plant, the San Emidio fault is intersected by a NNE-striking normal fault. There is
also an ENE-striking sinistral-normal fault located in the northeast portion of the region that
connects two strands of the Northern Lake Range fault system (Rhodes, 2011; Eneva et al.,
2011).

In 1987, a binary power plant began operating under the supervision of Empire Geothermal
Power LLC in the SW region of San Emidio with a capacity of 3.6 MW (Warren et al., 2018)
(Figure 4.1). The plant used shallow production wells between 30 to 100 m depth until the
early 2000s. To address the issue of cooling in the shallow reservoir, new production wells
were installed at depths between 500 and 700 m along the San Emidio fault and the original
production wells were converted to injection wells (Warren et al., 2018). In 2008, the owner-
ship of the power plant changed to Geothermal Inc., who commissioned a new plant with an
operating capacity of 14.7 MW in 2012 (Warren et al., 2018).

The geographic location of San Emidio and its resulting weather conditions present chal-
lenges to modeling the deformation observed at San Emidio by interferometric synthetic aper-
ture radar (InSAR) due to poor correlation and low quality among interferometric pairs. In
addition, the signature of the deformation signal at San Emidio is small. A previous study by
Eneva et al. (2011) employs a method which makes use of both persistent and distributed
scatterer processing to improve data quality and enhance signal detection in InSAR pairs
(SQUEESAR, Ferretti et al., 2011). While effective, this method can be computationally ex-
pensive.

In this study, we explore improving pair selection using a minimum spanning tree (MST)
algorithm with a weighting criterion defined to avoid pairs with low quality while simultane-
ously selecting pairs with clearer deformation signal. We establish a deformation model that
spatially characterizes the subsidence signal at San Emidio. Using time-series analysis on a
data set of pairs spanning from 1992 to 2010, we estimate how deformation changes over time

at the field.
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4.2 Data

We select the same sets of Synthetic Aperture Radar (SAR) scenes as used by Eneva et al.
(2011) to facilitate comparison between the resulting interferometric (InSAR) data products.
This includes 98 epochs from the C-band Envisat (ENVI) satellite (McLeod et al., 1998): 53
from descending track 27 and 45 from ascending track 120. Also included are 38 epochs from
the descending track 27 of the European Remote-Sensing satellite missions ERS-1 and ERS-2
(Fletcher, 2013). These epochs are listed in Table 4.1.

Interferograms are calculated by combining pairs of compatible images using GMTSAR
(Sandwell et al., 2011a,b), an interferometric processing software package that utilizes Generic
Mapping Tools (GMT) to create and visualize interferometric pairs. GMTSAR allows for
removal of noise by applying a modified Goldstein filter that depends on coherence (Goldstein

& Werner, 1997; Baran et al., 2003; Sandwell et al., 2011b).

4.3 Methods

4.3.1 Selecting and Weighting Pairs

Given each of the three satellite track’s set of epochs (at points in time), we select a data set
of pairs (spanning intervals in time). To do so, we consider image quality as measured by
the amount of phase noise within an interferometric pair (e.g., McLeod et al., 1998). Factors
that contribute to quality include: (a) the orbital separation (also known as the perpendicular
component B, of the baseline), (b) the time span of the pair (also known as the temporal
baseline), and (c) the difference in Doppler centroid frequencies (e.g., Refice et al., 2006;
Perissin & Wang, 2012; Agram & Simons, 2015). One popular approach is to select minimum
spanning tree (MST) pairs using orbital separation as a weighting criterion (e.g., Berardino
et al., 2002). This method falls short, however, when imaging mountainous areas such as

northern Nevada, which receive considerable precipitation in winter months.
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To address these complications, we weight pairs by a measure of their quality. We use an
empirical measure of quality (7, j) for a pair spanning from time ¢; to time ¢; as defined by
the product of three individual components (Rodriguez & Martin, 1992; Refice et al., 2006;

Moreira et al., 2013):

where subscripts g, t, and D represent geometric, temporal, and Doppler contributions, respec-
tively. We define these individual coherence components in a manner similar to that of Refice
et al. (2006) and incorporate additional complexity in the geometric and temporal components.

The geometric component is defined as:

wbbcrit

(i) = (1 ) [ (wberis — b2 (5 )] (42)

where b,..;; represents the critical baseline (about 1100 m for Envisat and ERS (Holzner, 2003;
Refice et al., 2006)), wy, is a specified weighting value for the critical baseline (set to be 0.5),
and H represents the Heaviside “step” function. The Heaviside function is used to filter pairs
with orbital separation greater than wyb.;.;.

The temporal component is defined using an exponential decay function:

—|At]

btemp

(i, ) = exp ( ) : [min[min[?—[(mti —3.5),1— H(my, — 11.5)],

4.3)
min[H(my, —3.5),1 — H(my, — 11.5)]

where At is the time span (in absolute value) of the pair in days, ..., is a specified temporal
decay constant (set to 80 days), and m,, is the numerical value of the month of ¢;. In this
case, we use the Heaviside function to filter pairs with epochs occurring during winter months

(mid-November through mid-March).
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Finally, the Doppler component of the coherence is defined as:

tid) = (1= LI i, — o) = i)

where fp,. is the Doppler centroid frequency [Hz] for each image and B, is the azimuthal
bandwidth [Hz].

We normalize 7 to be between zero and one and set a MST weighting criterion of

w(i,J) =1 = Ynorm (4, J)- (4.5)

The resulting subset of pairs optimizes the quality of the interferograms. This data set includes
three trees in a minimum spanning forest (MSF) comprised of data from both the ERS and

Envisat satellites, as graphed in Figure 4.2.

4.3.2 Deformation Modeling

We use simulated annealing to derive a model that best describes the deformation. This non-
linear approach to deformation modeling is implemented in an open-source software package
named the General Inversion of Phase Technique (GIPhT) (Feigl & Thurber, 2009; Ali & Feigl,
2012). For a given deformation model and a corresponding set of initial estimates and bounds
for the parameters, GIPhT inverts data values from pixels of an observed interferogram using
simulated annealing and outputs refined estimates of the model parameters. While GIPhT can
use the observed values of either wrapped phase (in cycles) or unwrapped range change (in m),
we work with wrapped phase change to avoid losing information and to avoid errors incurred
from unwrapping (Feigl & Thurber, 2009).

We consider a simple model for the deformation observed at San Emidio. To describe the
reservoir, we assume a cuboidal model with a single sink in an elastic half space with uniform

material properties. The cuboid represents a volume element with sides of width W, length
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L, and height H, giving an initial volume of V; = LW H. This volume element is defined by
three rectangular patches that are mutually orthogonal. We estimate seven model parameters,
including source location (easting, northing, and elevation), cuboid dimensions (length, width,
and height), and volume change AV. We assume a uniform Poisson’s ratio of v = 1/4. To
start, we choose 1nitial estimates of the location and dimension parameters based on results
from Eneva et al. (2011). In addition to the seven parameters corresponding to the deformation
model, we also estimate nuisance parameters corresponding to contributions from atmospheric

effects, orbital errors, and an initial offset per epoch (e.g., Feigl & Thurber, 2009).

4.3.3 Time-series Analysis

To determine any temporal trends in the deformation, we perform time-series analysis on the
estimated volume changes derived from the spatial deformation modeling. To handle the
pair-wise nature of these volume changes, we use a graph-theoretic approach to the proce-
dure known as temporal adjustment, which converts a series of individual, pair-wise volume
changes AV ; into cumulative volume change at individual points ¢; and ¢; in time (Reinisch
et al., 2017). We consider several different time functions, starting with a single-rate parame-

terization:

fi(ts) = a1 (t; — to) (4.6)

where £, = 1992.43 is the start date of our InSAR data set in decimal years.

We also consider a piecewise-linear parameterization with m breaks at times ¢,,, that form
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(m — 1) intervals:

4.7)

|t —t)  ifte >t

where a; is a parameter to be estimated.

4.4 Results

4.4.1 Analysis of Data Quality

To determine the quality of our data selection, we compare deformation measured from our
MST data sets to those from Eneva et al. (2011) derived using the SQUEESAR procedure. We
work with wrapped phase to avoid the additional uncertainty and potential loss of information
caused by unwrapping (e.g., Feigl & Thurber, 2009). For each of the three sets of data, we
calculate the eastward component of the phase gradient directly from wrapped phase using
quadtree resampling (Ali & Feigl, 2012). As described by Ali & Feigl (2012), this quantity
is one component of the deformation gradient (Malvern, 1969). We use quadtree resampling
(Ali & Feigl, 2012) to smooth interferometric phases and derive the east component of the
phase gradient fields to form a stack of interferometric pairs (Sandwell & Price, 1998). Both of
these functionalities are incorporated into GIPhT. We also convert the SQUEESAR results from
Eneva et al. (2011, , Fig. 2b,d) into wrapped phase and perform the same quadtree resampling
and gradient procedure. Finally, we compare each of the three SQUEESAR stack gradients to
the corresponding stack gradients of pairs selected by MST. The resulting gradient data sets

are summarized in Table 4.2.
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The mean and sample standard deviation of each differenced set of gradients is shown in
Table 4.3 in terms of strain rate. We see that none of the three sets of differences is significantly
different than zero. To determine if the means of the SQUEESAR stack gradients are different
from the means of the MST stack gradients, we perform a Student’s T-test. The results are
summarized in Table 4.4 and Figure 4.3. All three data sets fail to reject the null hypothesis of
equal means at 95% confidence. The (sample) standard deviations listed in Table 4.2 suggest
that there are significant differences in variance between the data sets, which we confirm using

an F-test at 95% confidence (e.g., Wackerly et al., 2007).

4.4.2 Deformation Modeling

We develop a best-fitting deformation model for San Emidio starting with the ENVI T27 stack
of (unwrapped) range change rates derived by Eneva et al. (2011) using SQUEESAR. To avoid
complications arising from signals due to sources other than those due to production at the site
(e.g., precipitation, mining), we focus on only modeling the deformation observed around the
production wells. We find that the deformation is best described by modeling the reservoir as
a cuboidal sink. The best-fitting estimates of the model parameters are shown in Table 4.5.
Results are shown in Figure 4.4. We define the cost of the inversion as the L1 misfit of the
unwrapped range change rate (Al et al., 2016a) and find it to be 0.7 mm/yr. We then model all
individual pairs of wrapped phase change in our data set using the best-fitting estimates of the

dimensions of the cuboidal sink.

4.4.3 Time-series Analysis

We work with volume change rates derived from modeling deformation from individual pairs
using the cuboidal sink model. Starting with a single-rate parameterization (equation (4.6)), we
find a best-fitting estimate of volume change rate to be (—1.4 4= 0.5) x 10* m3/yr. We define a

misfit y of the model to the data as the square root of the reduced ? statistic (Strang & Borre,
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1997, p. 334). We find y = 1.8. Results are shown in Figure 4.5.

We also explore the possibility that the rate changes over time. We try a three-segment
piecewise-linear parameterization with a break during the gap in the data set. We find best-
fitting estimates of volume change rates for the two intervals of data coverage to be (—1.3 £
0.1) x 10* m®/yr for the time interval from 1992 to 2001 and (—1.7 £ 0.1) x 10* m*/yr for the
time interval from 2003 to 2010. We find a corresponding misfit of y = 1.8.

To determine if the increased complexity of the piecewise-linear parameterization is justi-
fied, we use an F-test for model complexity (e.g., Wackerly et al., 2007, p. 627). The results
are shown in Table 4.6. We find that the added complexity of the piecewise-linear parameter-
ization is not justified at 95% confidence. We conclude that the temporal trend of the volume

change of the modeled reservoir is best explained as a constant rate.

4.5 Discussion

When we compare our MST data sets (selected using quality v as a weighting criterion) to the
corresponding data sets from SQUEESAR, we find no significant difference in stacked easting
gradients at 95% confidence in all three InSAR data sets.

We find that the deformation at the San Emidio geothermal field is well explained by pa-
rameterizing the reservoir as a cuboidal sink (Figure 4.6). This sink aligns with faults in the
area and spatially encompasses the majority of production and injection wells at the site. We
found a best-fitting depth of 500 m, which is consistent with lower bounds of likely reservoir
depths based on cross-section analyses (Matlick, 1995; Warren et al., 2018).

When modeling the observed deformation as a function of time, we find that the best-fitting
parameterization is a constant rate of volume change. We compare the cumulative values of
volume change derived from temporal adjustment with records of monthly average production
reported to the State of Nevada to explore the possibility that the observed deformation is re-

lated to pumping at the site. We normalize the estimated cumulative volume change values and
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the observed cumulative gross production values using the statistical Z-transform (e.g., Wack-
erly et al., 2007). We then test the correlation using Pearson’s test (e.g., Wackerly et al., 2007,
p- 599) with the null hypothesis that there is no correlation between pumping and deforma-
tion. We find a statistically strong correlation between normalized cumulative volume change
and normalized cumulative gross production with a correlation coefficient of R = 0.99 and
a p-value of p << 1071, Thus, we conclude that there is a significant correlation between

deformation and pumping.

4.6 Conclusions

We have developed a new method to select a good set of interferometric pairs using a min-
imum spanning tree algorithm with a seasonally- and spatially-weighted measure of image
quality as the weighting criterion. This selection procedure yields a temporally averaged phase
gradient rate field that is equivalent in mean, but lower in variance, than that produced by the
SQUEESAR procedure. Using nonlinear inversion, we determine that the deformation at San
Emidio is well explained by parameterizing the reservoir as a cuboidal sink. Temporal analysis
of volume change rates estimated from individual interferometric pairs using this deformation
model suggests a constant rate of volume change between 1992 and 2010. When compar-
ing cumulative volume change to cumulative gross production, we find an strong, positive
correlation. This suggests that deformation at San Emidio may be influenced by geothermal

production at the site.
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Table 4.1: List of epochs in data set.
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epoch (YYYYMMDD) satellite track frame
19920503 ERS T27 2799
19920607 ERS T27 2799
19920712 ERS T27 2799
19920816 ERS T27 2799
19930103 ERS T27 2799
19930418 ERS T27 2799
19930627 ERS T27 2799
19930905 ERS T27 2799
19931219 ERS T27 2799
19950411 ERS T27 2799
19950516 ERS T27 2799
19950620 ERS T27 2799
19950829 ERS T27 2799
19951107 ERS T27 2799
19951108 ERS T27 2799
19951212 ERS T27 2799
19960116 ERS T27 2799
19960117 ERS T27 2799
19960430 ERS T27 2799
19960501 ERS T27 2799
19960814 ERS T27 2799
19961023 ERS T27 2799
19961127 ERS T27 2799
19970312 ERS T27 2799
19970730 ERS T27 2799
19971008 ERS T27 2799
19980506 ERS T27 2799
19980610 ERS T27 2799
19990106 ERS T27 2799
19990804 ERS T27 2799
19990908 ERS T27 2799
20000405 ERS T27 2799
20000510 ERS T27 2799
20000614 ERS T27 2799
20000719 ERS T27 2799
20000823 ERS T27 2799
20000927 ERS T27 2799
20001206 ERS T27 2799
20010110 ERS T27 2799



20031029
20031203
20040623
20040630
20040901
20040908
20041006
20041013
20041110
20041117
20041222
20050119
20050223
20050302
20050330
20050504
20050511
20050608
20050615
20050713
20050720
20050817
20050921
20051026
20051130
20051207
20060111
20060208
20060215
20060315
20060419
20060426
20060524
20060531
20060628
20060802
20060906
20061011
20061018
20061115
20061122
20061220
20061227

ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI

T120
T120
T27
T120
T27
T120
T27
T120
T27
T120
T120
T27
T27
T120
T27
T27
T120
T27
T120
T27
T120
T27
T27
T27
T27
T120
T120
T27
T120
T27
T27
T120
T27
T120
T27
T27
T27
T27
T120
T27
T120
T27
T120

801
801
2799
801
2799
801
2799
801
2799
801
801
2799
2799
801
2799
2799
801
2799
801
2799
801
2799
2799
2799
2799
801
801
2799
801
2799
2799
801
2799
801
2799
2799
2799
2799
801
2799
801
2799
801
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20070124
20070228
20070307
20070404
20070509
20070613
20070718
20070822
20071003
20071031
20071107
20071212
20080109
20080116
20080213
20080220
20080319
20080326
20080423
20080430
20080528
20080604
20080702
20080709
20080806
20080813
20080910
20080917
20081015
20090304
20090311
20090408
20090415
20090513
20090520
20090617
20090624
20090722
20090729
20090826
20090902
20090930
20091007

ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI

T27
T27
T120
T27
T27
T27
T27
T27
T120
T27
T120
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120

2799
2799
801
2799
2799
2799
2799
2799
801
2799
801
801
2799
801
2799
801
2799
801
2799
801
2799
801
2799
801
2799
801
2799
801
2799
2799
801
2799
801
2799
801
2799
801
2799
801
2799
801
2799
801
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20091111
20091209
20091216
20100113
20100120
20100217
20100224
20100324
20100331
20100428
20100505
20100609

ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI
ENVI

T120
T27
T120
T27
T120
T27
T120
T27
T120
T27
T120
T120

801
2799
801
2799
801
2799
801
2799
801
2799
801
801

120
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Table 4.2: Distribution parameters for SQUEESAR (SQR) and MST stack gradients for each satellite
track.

Data set SQR mean MST mean  SQR sample MST sample
[picostrain/s] [picostrain/s] std. deviation std. deviation
[picostrain/s] [picostrain/s]

ERS T27 —0.8x%x 103 —0.5x10¢ 3.3x 107! 0.3 x 107!
ENVI T27 2.4 %1073 2.4 x 1073 2.8 x 1071 0.4 x 107!
ENVITI20 —1.7x107% —0.8x 1073 3.4 x 107! 0.3x 107!
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Table 4.3: Distribution parameters for differenced SQUEESAR and MST stack gradients for each satel-
lite track.

Data set sample mean sample std. deviation

[picostrain/s] [picostrain/s]
ENVIT27 —4.2x107° 0.28
ENVITI120 8.6 x 1074 0.34

ERS T27 6.8 x 107* 0.34
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Table 4.4: Results of Student’s T-test for equal means (e.g. Wackerly et al., 2007, p. 521).
Hj: means are equal

H: means are significantly different

p-value: probability of rejecting Hy when it is true

Data set p-value
ERS T27 0.86
ENVI T27 0.97

ENVIT120 0.82
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Table 4.5: Best-fitting estimates of a single cuboidal sink model after simulated annealing on unwrapped
range change rates from ENVI T27 SQUEESAR stack.

Parameter Name Best-fitting Estimate  Uncertainty
Centroid Easting in m 296,109 375
Centroid Northing in m 4,472,750 380
Centroid Depth in m 500 75
Cuboid Length in m 2000 500
Cuboid Width in m 200 50
Cuboid Thickness in m 500 100

Volume Change Rate (m?/yr) —4.6 x 10> 0.5 x 10?
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Table 4.6: Results of F-tests for model complexity (e.g. Wackerly et al., 2007, p. 627).

Hy: both fits are equally good

H;: more complex parameterization provides a significantly improved fit to the data over the single-rate
parameterization

df denotes degrees of freedom.

df, df, testvalue critical value result

108 107 -7.37 1.38 fail to reject H
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Figure 4.1: Deformation field at San Emidio in terms of wrapped range change [cycles] from an Envisat
track 27 pair spanning 2004-Nov-10 to 2008-Sep-10. One cycle of wrapped phase corresponds to a
range change of approximately 28 mm. The dashed rectangular region in the SE denotes the region
used for deformation analysis in this study. Faults are denoted with black lines. Inverted triangles are
injection wells and upright triangles are production wells. The power plant is denoted with a black
square. Coordinates are easting and northing [km] in Universal Transverse Mercator (UTM) projection
zone 11N, WGS84 (Snyder, 1987).
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Figure 4.2: Graph showing pairs in the minimum spanning forest data set chosen by minimizing coher-

ence. ERS-1/2 pairs are shown in green (track 27) and ENVI pairs are shown in red (tracks 27 and 120).
Pairs are shown according to their orbital separation in m.
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Figure 4.3: Histogram of differences between the SQUEESAR stack easting gradient field and the MST
stack easting gradient field for all three InSAR data sets. Differences are shown in terms of strain rate

(picostrain per second).
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Figure 4.4: Deformation fields in terms of (unwrapped) range change rate from the SQUEESAR ENVI
T27 stack spanning 2004-Jun-23 to 2010-Apr-28 analyzed using nonlinear inversion methods outlined
in Feigl & Thurber (2009). Inversion was performed using unwrapped range change rates. Results
are shown in terms of unwrapped range change rate: observed range change rate (a), modeled range
change rate (b), residual between observed and modeled (c) and absolute value of residuals (d). Faults
are denoted with black lines. Inverted triangles are injection wells and upright triangles are production
wells. The power plant is denoted with a black square. Coordinates are easting and northing [km] in
Universal Transverse Mercator (UTM) projection zone 11N, WGS84 (Snyder, 1987).
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Figure 4.5: Time series at San Emidio, showing cumulative volume change from temporal adjustment of
volume change rates estimated from InSAR data spanning 1992 to 2010. Black lines show the modeled
volume change with 68% confidence intervals (dashed lines) as estimated by temporal adjustment with a
single-rate temporal function (Reinisch et al., 2017). Red segments indicate measurements of observed
volume change derived from individual interferometric pairs. For each pair, the volume change at
the mid-point of each time interval is plotted to fall on the modeled curve and the vertical blue bars
denote 10 measurement uncertainty, after scaling by the square root of the variance scale factor (i.e., the
dimensionless misift ).
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Conclusion

Throughout this dissertation, the application of analytical, numerical, and statistical techniques
improves the characterization of InSAR-measured deformation both spatially and temporally
at geothermal fields. For each of the three sites considered, deformation is described spatially
by relating subsidence to subsurface reservoir volume change. At Brady Hot Springs, Nevada
this relationship is described using a “multi-cube” parameterization. In contrast, a cuboidal
reservoir model is used to characterize the deformation at Coso geothermal field, California
and San Emidio geothermal field, Nevada.

At Brady and Coso, three hypotheses are tested to identify the most likely geophysical
mechanism driving the observed subsidence at the sites: (1) thermal contraction of the rock
matrix, (2) decreasing pore-fluid pressure, and (3) a linear combination of (1) and (2). At
Brady, thermal contraction of the rock matrix is found to be the dominant mechanism driving
the subsidence. This is validated when considering changes in deformation in response to
changes in well operations at the site (Chapter 2). This is not the case at Coso, where decreasing
pore-fluid pressure is identified as the most likely driving mechanism of subsidence.

All three sites show temporal relationships between pumping and deformation. The cor-
relation between production and deformation is quantified at both Coso and San Emidio and
found to be significant, suggesting that pumping affects the magnitude of subsidence at these
sites.

At Coso, relationships between temporal trends in seismicity and pumping are also ex-
plored. Before sustainability efforts were implemented in 2010, seismicity rates at Coso were
inversely related to production. This phenomena has been similarly observed at both Brady
and San Emidio, where subsurface effective stress has adapted to long-term normal operations
(Cardiff et al., 2017; Warren et al., 2018). However, after 2010, no there is no apparent rela-
tionship between seismicity rate and pumping at Coso. This finding, along with results from
deformation modeling, suggest that the reservoir at Coso is getting deeper over time in response

to the change in injection protocol in late 2009.
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The results from modeling deformation at all three geothermal sites demonstrate that the
capability of InSAR to detect deformation and its relationship to well operations is enhanced

through improving spatio-temporal modeling techniques and emphasizes the benefits of using

InSAR to monitor geothermal resources.
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