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fluid movement or pressure increase in the crystalline basement,
although there is plastic strain accumulation for the weaker elements along the fault in the basement. The accumulation of
strain change appears to be caused by the unbalanced loading
on different sides of the fault due to the differential in fluid injection and production. Previous studies ignored the produced
gas volume, which is almost an order of magnitude larger than
the produced water volume under reservoir conditions and
which significantly impacts the pore pressure in the sedimentary
formations and the stress distribution in the basement. A quantitative analysis indicates that the poroelastic stress changes
dominate in the basement with no noticeable change in pore
pressure. Even though the low-permeability faults in the basement are not in pressure communication with the Ellenburger
formation, the poroelastic stresses transmitted to the basement
can trigger seismicity without elevated pore pressure.

ABSTRACT
We have performed a site-specific study of the mechanics of
induced seismicity in the Azle area, North Texas, using a
coupled 3D fluid flow and poroelastic simulation model, extending from the overburden into the crystalline basement.
The distinguishing feature of our study is that we account for
the combined impact of water disposal injection and gas and
water production on the pore pressure and stress distribution
in this area. The model is calibrated using observed injection
wellhead pressures and the location, timing, and magnitude
of seismic events. We used a stochastic multiobjective optimization approach to obtain estimated ranges of fluid flow and poroelastic parameters, calibrated to the pressure, rate, and seismic
event data. Mechanisms for induced seismicity were examined
using these calibrated models. The calibrated models indicate no

spatial and temporal correlation between pore pressure increase and
seismic events. Hornbach et al. (2015) consider several factors that
could lead to seismic events near Azle such as lake-level variations,
natural tectonic stress, and stress changes associated with oil and
gas production activities. Hornbach et al. (2015) construct single-phase flow models for the Ellenburger formation, a shallowly
dipping dolomitic limestone that overlies the crystalline basement
and has been used for disposal of large volumes of saline oilfield
wastewater (Sullivan et al., 2006; Pollastro et al., 2007). They observe that with different parameter combinations, excess pore pressure at the fault could range from 0.01 to 0.14 MPa. The predicted
pore pressure increases at the fault are found to be sufficient to trigger earthquakes when faults are critically stressed (Reasenberg and
Simpson, 1992; Stein, 1999).
Previous studies at Azle did not solve the coupled fluid flow and
geomechanical (poroelastic stress) equations to explicitly model the

INTRODUCTION
The number of seismic events in the Fort Worth Basin has been
increasing since 2007. Near the Azle area, a cluster of seismic
events was recorded from late 2013 to early 2014, including two
widely felt Mw3.6 events. No significant earthquake had been felt
prior to 2007 based on more than 40 years of seismic monitoring
(Frohlich et al., 2011, 2016). There have been several studies to
investigate the cause of the more recent seismic events, and many
of them conclude that the injection of wastewater into the subsurface near faults and reactivation of the faults are the primary contributing factors (Frohlich et al., 2011, 2016; Gono et al., 2015;
Hornbach et al., 2015; Schwab et al., 2017). Gono et al. (2015) investigate the relationship between disposal water injection and seismic events in the Fort Worth Basin. Using single-phase fluid flow
simulation and historical earthquake data, they find that there is a
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plastic deformation and the resulting implications for fault activation and induced seismicity, although there have been previous efforts to include geomechanical effects to analyze the potential
linkage between fluid injection and seismic events. Fan et al.
(2016) investigate an Mw4.8 earthquake near Timpson, East Texas,
relating the event to geomechanical response of the adjacent fault
after nearby wastewater injection. They conduct coupled fluid flow
and poroelastic simulations to compute stress and pore pressure
along the fault associated with the wastewater injection. Based
on the Mohr-Coulomb failure criteria, they assess fault slip with
the estimated in situ stress magnitude and direction, fault strike
and dip, and permeability of the layer where fluid was injected.
Chang and Yoon (2018) perform 3D fully coupled poroelastic modeling of induced seismicity along multiple faults to predict magnitude, rate, and location of potential seismic events. They conclude
that the use of 3D coupled poroelastic modeling helps reduce the
uncertainty in seismic hazard prediction by considering hydraulic
and mechanical interaction between faults and bounding formations. Zhai and Shirzaei (2018) use a basin-wide fluid flow and geomechanical model to investigate seismic hazards in the Barnett
Shale, Texas. They relate the Coulomb failure stress change to
the seismicity rate and use it as a representation of seismic hazard.
They conclude that the contribution of poroelastic stresses to Coulomb failure stress change is approximately 10% of that of pore
pressure. However, the model was not calibrated with historical
pressure data and the stress change from gas production was not
considered. The physical mechanisms behind induced seismicity
on faults have also been investigated and discussed in several previous studies (Segall, 1989; Segall et al., 1994; Ellsworth, 2013;
Segall and Lu, 2015; Chang and Segall, 2016a, 2016b).
In this study, we focus on the seismicity in the Azle area in North
Texas, which experienced a series of seismic events from November

2013 through April 2014. We use coupled fluid flow and geomechanical simulation to numerically solve for the 3D stress/strain
field and the pore pressure distribution. For the first time, we account for the reservoir withdrawal created by the gas production.
We also calibrate the simulation model to observed injection well
pressure data as well as the magnitude and timing of the seismic
events to constrain the range of uncertain fluid flow and poroelastic
parameters. We use a stochastic multiobjective model calibration
that yields an ensemble of models that are consistent with the historical data. All of these models seem to indicate that unbalanced
loading on different sides of the critically stressed fault in the crystalline basement resulted in accumulation of plastic strain change,
leading to stress changes capable of causing the observed earthquakes in the area.

METHODOLOGY
Overall workflow
We focus on the seismicity in the Azle area in North Texas. The
events occurred along two northeast-striking, steeply dipping conjugate faults. To assess the potential linkage between the seismic
events and the nearby oil and gas field operations, we built a 3D
coupled fluid flow and geomechanical model consisting of the overburden, the Marble Falls, the Barnett, the Ellenburger, and the crystalline basement. In the simulation model, we include two injection
wells in the Ellenburger and 70 production wells in the Barnett, a
shale gas producing formation. A stochastic multiobjective optimization is used to generate an ensemble of models calibrated with
injection well pressure data and seismic events (see Appendix A
for details). The calibrated models are then used to analyze the
mechanisms of induced seismicity at the Azle site. The overall
workflow is illustrated in Figure 1.

Model data sources

Figure 1. Workflow for the Azle seismicity study using coupled flow and geomechanical modeling.

To understand the mechanism of seismicity in
the Azle area, our study integrates a wide range
of data to build and calibrate the 3D coupled fluid
flow and geomechanical model. The geologic
model is built following the previous studies
(Hornbach et al., 2015; Hennings et al., 2016).
The faults were constructed using fault interpretations of Hornbach et al. (2015) and the public
records from the Railroad Commission of Texas
(Railroad Commission of Texas, 2015a, 2015b).
The dynamic injection data of rate and pressure
of the two saltwater disposal (SWD) disposal
wells are available through the H-10 form in
the Railroad Commission of Texas website (Railroad Commission of Texas, 2018a). As in the
previous study by Hornbach et al. (2015), our
study includes only two SWD disposal wells.
This is justified because an estimate of the average pressure change in the Azle area due to the
two local injectors is found to be almost an order
of magnitude higher than the basin-scale average
pressure change from all of the injectors based on
a flowing material balance calculation (Dake,
1983; Hornbach et al., 2016).
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The dynamic production data consist of gas and water production
from 70 producing wells. The gas production data are available on
the Railroad Commission of Texas website (Railroad Commission
of Texas, 2018b). The water production data are obtained from the
“DrillingInfo” database (Drillinginfo, 2018). Seismic event data including the event time, magnitude, hypocenter location, and the location uncertainty are obtained from Southern Methodist University
(SMU) catalogs (Hornbach et al., 2015; DeShon et al., 2018).

Geologic model: Background
The Azle geologic and fault model used in this study follows the
previous study by Hornbach et al. (2015) with additional details from
the Texas Bureau of Economic Geology (Hennings et al., 2016). We
have extended the geologic model to include the overburden and the
crystalline basement where most of the earthquakes have occurred.
The structural model consists of two steeply dipping conjugate faults
around which most of the earthquakes were recorded.
Faults in the region were constrained by an integrating analysis of
stratigraphic mapping, structural interpretation, earthquake hypocenters (Hornbach et al., 2015), and review of public records from
the Railroad Commission of Texas (2015a, 2015b). Our model includes two northeast-striking normal faults in the model: Azle and
Azle Antithetic. These faults are part of the Llano Fault System in
the Fort Worth Basin as described by Ewing (1991). The lateral
extent, strike, and general dip of the faults were constrained by
3D interpretation and earthquake hypocenter location.
The Newark East Gas Field (NEGF) is the major gas-producing
field in the Fort Worth Basin. Hydraulic fracturing is routinely applied to produce gas from the low-permeability Barnett Shale. Some
hydraulically fractured wells can unintentionally produce significant volumes of water from the underlying high-permeability Ellenburger formation (Hornbach et al., 2016). Produced water is
reinjected through disposal wells completed in the Ellenburger formation. Low-permeability Precambrian granite basement underlies
the Ellenburger formation, and most of the Azle earthquake events
have occurred in this unit. The seismic events (Mw ≥ 2) are shown
in Figure 2. Out of 32 seismic events, 25 events are adjacent to the
faults, lying within the hypocenter uncertainty range provided by
the SMU seismic catalog (Hornbach et al., 2015; DeShon et al.,
2018). Additional seismic stations deployed by SMU were intended
to reduce the location uncertainty after the early 27 earthquakes near
the Azle were reported by the United States Geological Survey
(USGS). A schematic of the 3D geologic model is shown in Figure 2. In this layer-cake Azle model, the fluid flow and poroelastic
properties are considered uniform within each zone except at the
fault cells.
Table 1 shows the fluid flow and poroelastic properties for each
zone used in the base case model along with their corresponding
sources. Figure 3 shows the Mohr circle showing the stress state
(Lund Snee and Zoback, 2016) and the Mohr-Coulomb failure
envelope of the fault for the base case at a depth of 3048 m, which
is the top of the basement. As noted by Lund Snee and Zoback
(2016) and Quinones et al. (2018), the fault is nearly critically
stressed.
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fields in the Azle area during the period of fluid injection and production. The Azle simulation model consists of uniform grid cells
(160 × 160 m) areally, and varying cell dimensions vertically, with
higher resolution in the Barnett and Ellenburger formations. The
model has 1 layer for the overburden and 1 layer for the Marble
Falls to provide geomechanical loading to the reservoir; 5 layers
for the Barnett, which is the producing zone; 5 layers for the Ellenburger, which is the injection zone; and 10 layers for the crystalline
basement where most of the earthquake events occurred. The overburden has the lowest vertical resolution of 2000 m, and the Barnett
has the highest vertical resolution of 23 m. There are two tilted
faults intersecting just below the Ellenburger, and the major fault
extends down to the bottom of the basement (Figure 2). The fault
cells have distinct fluid flow and poroelastic properties from the
adjacent formations (Table 1). The base case simulation model consists of 70 producers completed in the Barnett and two SWD disposal wells completed in the Ellenburger (Figure 4) with a total
simulation study period of 12 years (supplementary information
can be accessed through the following link: S1). Hydraulic fractures
create high-permeability regions near the producers, so the permeability near the producers is enhanced to honor the historical production rates at the wells. The injected wastewater volume and gas
production data are available in the Railroad Commission of Texas
website (Railroad Commission of Texas, 2018b). The water production data are from the DrillingInfo database (Drillinginfo, 2018).
The water production data were cross-checked with the data provided by the operator (XTO Energy Inc.) for selected wells to ensure accuracy.

Forward simulation model
A coupled fluid flow and geomechanical simulation model is
used to compute the evolution of the 3D pressure and stress/strain

Figure 2. (a) Azle area fault location and the locations of the earthquake events (Mw ≥ 2). (b) A schematic of the Azle geologic model.
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∇½C∶ ð∇u þ ð∇uÞT Þ ¼ −∇½αpI þ B;
2
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Our forward model uses coupled fluid flow and poroelastic simulation to numerically solve the continuity and the momentum balance equations in a sequential manner. The continuity equation
solves for the formation pore pressure and is given by

(2)

where C is the tangential stiffness tensor, u is the displacement, α is
the Boit’s number, p is the pressure, I is the identity matrix, and B is
the body force.
The momentum balance equation is solved using a finite-element
scheme, whereas the continuity equation is solved using a finite-difference scheme. The two solutions are sequentially coupled (Computer Modeling Group, 2016). We obtain the 3D stress/strain and
pressure distribution for the entire simulation domain at each simulation time step.
The forward simulation model is calibrated to match the observed
wellhead pressure data and the magnitude and timing of the seismic



d
k
½ϕρf ð1 − εv Þ − ∇ • ρf ð∇p − ρf g∇DÞ ¼ Qf ; (1)
dt
μf
where ϕ is the porosity, ρf is the density of fluid, εv is the volumetric strain, k is the permeability, μf is the fluid viscosity, g is
the gravitational constant, D is the depth from a reference pressure
data, and Qf is the mass source term.
The momentum balance equation solves for formation displacement and can be expressed as

Figure 3. Initial stress state and the Mohr-Coulomb failure
envelope for the base case Azle model.

Figure 4. Injection/production well locations and seismic event locations with respect to the Azle faults.

Table 1. Fluid flow and poroelastic properties for the Azle base case simulation model.

Permeability (mD)
Porosity
Pore pressure
Effective vertical stress
gradient
Effective minimum
horizontal stress
gradient
Anderson fault
parameter, AΦ
Direction of horizontal
stress
Young’s modulus (kPa)
Poisson’s ratio
Cohesion (kPa)
Friction angle (°)

Overburden

Marble Falls

190
0.2

0.01
0.2

Barnett

Ellenburger

Basement

1.00E−05
30
1.00E−04
0.06
0.055
0.05
23,082 kPa @ 2046 m

Fault

Reference

1.00E−03
Same as formation

Hornbach et al. (2015)
Railroad Commission
of Texas (2015b)
Simpson, (1997) and
Lund Snee and Zoback
(2016)

14.7 kPa∕m
4.5 kPa∕m
0.74
N28.8E
1.44E+07
0.2
2.00E+04
30

6.00E+07
0.2
2.00E+04
30

4.00E+07
0.23
2.00E+04
30

6.00E+07
0.2
2.00E+04
30

4.30E+07
0.27
2.00E+04
30

4.00E+07
0.25
1.00E+03
30

Wang (2000), Tutuncu
(2010), Rutqvist et al.
(2013), and Sone and
Zoback (2013)
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events to reduce the range of the uncertain parameters. The simulated well bottom hole pressure (BHP) can be directly obtained from
flow simulation and compared with the calculated BHP obtained
from the measured wellhead pressure. This requires converting
the wellhead pressure data to the bottom hole conditions, a routine
calculation in petroleum reservoir engineering (Govier and Aziz,
1972; Beggs and Brill, 1973; Chen, 1979; Taitel et al., 1982; Bradley, 1987; Ansari et al., 1990; Economides et al., 2013). The details
of this calculation are given in Appendix B.
The poroelastic simulation calculation checks the failure status
for each cell in the 3D model at every time step and accumulates
the plastic strain after the rock failure. The plastic strain/deformation is the strain after a cell reaches Mohr-Coulomb failure and is
calculated using the generalized plasticity model based on the
Mohr-Coulomb yield surface (Vermeer and De Borst, 1984; Computer Modeling Group, 2016). All of the accumulated plastic strains
are then used to calculate the seismic moment magnitude (Sanz
et al., 2015; Castiñeira et al., 2016; Lele et al., 2016; Park et al.,
2016). The computed seismic moment magnitude is compared with
the observed seismic event magnitudes during model calibration.
The seismic moment tensor is used to model the seismicity induced
by fault activation. The seismic moment tensor is represented by the
following equation (Aki and Richards, 2002):

Z
M pq ¼

cpqrs Δers dV;

Ellenburger formation. Our results show that ignoring gas production leads to significant underestimation of the reservoir fluid withdrawal and reservoir pressure depletion. We convert the surface gas
production to bottom hole conditions and use the equivalent reservoir fluid withdrawal rates. Details are presented in Appendix C.
Because the pore pressure is primarily impacted by the total reservoir fluid withdrawal of all phases, the equivalent reservoir fluid
withdrawal rates help ensure that the material balance is preserved
in reservoir conditions for single-phase and multiphase flow simulations. Figure 5 shows the water production, gas production, and
the total fluid withdrawal under reservoir conditions. Note that the
reservoir volume of the produced gas is almost one order of magnitude larger than the produced water volume.
It is worth pointing out that the coupled simulation model used
here only requires specification of the total fluid withdrawal rate,
whereas the individual layer allocations are computed based on
the layer productivity indices (Computer Modeling Group, 2016).

Model calibration using multiobjective optimization
In this study, we minimize two objective functions for model calibration: injector BHP misfit and seismic moment magnitude misfit
at their respective locations and times.
The injector BHP misfit is calculated using the following equation:

(3)

V

objBHP
where the repeated indices indicate summation. Here, cpqrs is the
stiffness tensor or the elastic modulus tensor consisting of Young’s
modulus and Poisson’s ratio. Note that during model calibration, we
adjust Young’s modulus and Poisson’s ratio. Thus, the elastic tensor
dynamically evolves. The term Δers is the change in plastic strain
by deformation, which is accumulated after a cell reaches the MohrCoulomb failure criteria. The L2 norm of the seismic moment tensor
is used to obtain the intensity of the seismic moment (M0 ) (Dahm
and Krüger, 2014):

M0 ¼ kMpq kL2 :

(4)

The seismic moment magnitude is calculated as follows (Kanamori,
1977):

Mw ¼

log M0 − 16.1
þ 4.667:
1.5
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vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u

Nwell
X uNtime
X
t
obs
cal
2
¼ log
ðBHPi;j − BHPi;j Þ ;
j¼1

(6)

i¼1

where N well is the total number of history matching wells, N time is the
total number of data points for each well, superscript obs indicates the
observed data, and superscript cal indicates the calculated value from
the simulation.
Figure 6 illustrates the seismic moment magnitude misfit calculation. It is the difference between the seismic moment magnitude
based on the plastic strain after rock failure and the observed seismic event magnitude at the time and location of the observed seismic event. It is given by

objmagnitude

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uNevent
uX
cal 2
¼t
ðMwobs
i − Mwi Þ ;

(7)

i¼1

(5)

The observed wellhead pressure and seismic data are matched by
adjusting the fluid flow and poroelastic properties using a multiobjective stochastic optimization method. Details of the model calibration are discussed in the next section and in Appendix A.
A distinctive feature in the current model compared with previous
studies is the inclusion of gas production. Previous studies incorporated the pressure reduction due to brine production from the Ellenburger formation. However, hydrocarbon gas production can
contribute to greater reservoir depletion compared to brine production. The brine is produced from the Ellenburger formation because
the hydraulic fractures propagate through the Barnett into the Ellenburger formation (Hornbach et al., 2015). Especially in regions
where the Viola Shale is absent below the Barnett Shale, as in
the Azle area (Pollastro et al., 2007; Loucks et al., 2009), the producers in the Barnett are in direct pressure communication with the

Figure 5. Produced fluid volumes used in this study (at reservoir
conditions).
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where N event is the total number of seismic events being matched,
is the observed seismic moment magnitude of event i, and
Mwobs
i
Mwcal
i is the calculated seismic moment magnitude from the simulation within a search radius of seismic event i. Here, the search
radius is given by the average earthquake epicenter uncertainty in
the SMU catalog (Hornbach et al., 2015; DeShon et al., 2018). For
the events reported in the SMU catalog, the mean epicenter major
axes’ length is 570  362 m, minor axes’ length is 310  228 m,
and the depth uncertainty is 346  171 m. At each simulation time
step, we check every grid cell within the search radius of each
observed seismic event to determine whether it meets the
Mohr-Coulomb failure criteria. Once a cell fails, plastic strain
accumulation starts for this cell. The cell with the minimum misfit
within the search radius of each observed seismic event is used for
the objective function calculation. We assume that all of the
plastic strain within the cell may release seismically as one single
event, which may not always be the case (Bourouis and Bernard,
2007; Guglielmi et al., 2015; McGarr and Barbour, 2017). We
use this approach because there are no specific data available
for the Azle area to distinguish between seismic and aseismic
deformation.
To calibrate the forward model using available injector pressure
and seismic moment data, we use a Pareto-based stochastic multiobjective history matching algorithm. Instead of aggregating different misfit functions, the Pareto-based approach ranks the models
based on the concept of dominance (see Appendix A). For a
minimization problem involving n objectives defined by objective
functions fn, solution a dominates solution b if all objectives represented by a are not greater than those of b, and at least one
objective of a is strictly smaller than the corresponding objective

Figure 6. Illustration of the seismic moment magnitude misfit calculation. (a) seismic moment magnitude evolution and (b) seismic
moment magnitude misfit calculation.

of b. The genetic algorithm (GA) (Goldberg, 1989) is used for updating the uncertain parameters during calibration. GA is one of the
evolutionary methods for solving optimization problems. It imitates
biological principles of evolution: natural selection and survival of
the fittest. The evolution starts from a population of randomly generated models with uncertain parameters sampled from a prespecified uniform distribution defined by their respective minimum and
maximum values. In each generation, the fitness of every model (the
model rank in our study) in the population is evaluated. Multiple
models are stochastically selected from the current population
(based on their fitness) and modified (recombined and possibly randomly mutated) to form a new population. The new population is
then used in the next iteration of the algorithm. Commonly, the
algorithm terminates when either the maximum number of generations is reached or a satisfactory fitness level is attained (Yin et al.,
2011). Thus, multiple plausible parameter combinations are generated with low-rank populations that match the historical data within
a specified tolerance.

RESULTS: PARAMETER SENSITIVITY ANALYSIS
AND HISTORY MATCHING
Parameter sensitivity analysis
The sensitivity analysis involves forward simulations by changing one parameter at a time to identify the key parameters affecting
the objective functions for BHP and seismic moment magnitude
(Yin et al., 2011). The parameters with a strong influence on the
objective functions are kept for model calibration, and the less-sensitive parameters are discarded.
Figure 7 shows a “tornado plot” illustrating the sensitivity of injector BHP misfit to various parameters. As expected, reservoir
fluid flow parameters such as permeability and permeability
anisotropy (vertical/horizontal) are the most influential parameters
on the list. The BHP misfit is also impacted by the Ellenburger poroelastic properties such as Young’s modulus and Poisson’s ratio
because of their effects on the Ellenburger formation compressibility. The importance of the vertical permeability indicates the impact
of pressure communication between the disposal and production
intervals. The permeabilities of the Barnett Shale and the crystalline
basement are very low for the base case. Thus, the injector BHP is
not significantly impacted by their permeability, porosity, and poroelastic properties. From this sensitivity analysis, permeability
anisotropy, Ellenburger permeability, Young’s modulus, and Poisson’s ratio are identified as the primary tuning parameters for BHP
calibration.
Figure 8 shows a tornado plot illustrating the sensitivity of the
misfit between the simulated seismic moment magnitude and the
observed earthquake magnitude. The minimum effective horizontal
stress and fault cohesion are the most sensitive parameters here because these determine how close the faults are to a critically stressed
state based on the Mohr-Coulomb criteria. The fault Poisson’s ratio
is important because it is used to construct the stiffness matrix for
the moment tensor calculations. The basement permeability is in the
nanodarcy range, and there is very little pressure communication
from above. Hence, the seismic moment magnitude misfit is mostly
affected by its poroelastic parameters. The pressure and seismic moment magnitude misfits show very little sensitivity to the fault
permeability.

Azle seismicity mechanism study
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matching. We also observe a reduction in uncertainty range for several other poroelastic parameters. It is important to note that fault
cohesion (3 COHEF) and minimum horizontal stress (9 Shmin)
move toward lower values, again suggesting that the fault is initially
in a critically stressed state (Zoback et al., 2012; Hornbach et al.,
2015; Lund Snee and Zoback, 2016; Quinones et al., 2018; Zhai
and Shirzaei, 2018). A critically stressed fault can also explain
why the matches in Figure 9b show a lower simulated seismic moment magnitude compared to the observed seismic event magnitude. If sufficient quantitative data were available to account for
the initial plasticity of the fault elements, the matches to the

Table 2 shows the poroelastic and fluid flow parameters with a
strong influence on objective functions based on the sensitivity
analysis and their corresponding ranges. These parameters will
be calibrated to match the observed injector BHP and the seismic
moment magnitude. Most poroelastic properties have relatively
high uncertainty ranges because of limited data or prior knowledge.
This makes the model calibration imperative for reducing the
parameter ranges. Figure 9a shows the results of the multiobjective
history matching using the GA. As expected, the
generation 1 population members are scattered to
explore the parameter space, whereas the generation 5 population members move toward the
bottom left, indicating misfit reduction for
BHP and seismic moment magnitude. We also
see the formation of a “Pareto front” between
BHP and seismic magnitude misfits with multiple generations displaying the trade-off between
the misfit functions. Figure 9b shows the quality
of seismic moment magnitude match; the rank
1 matches moves toward the unit slope line
although with some degree of scatter. However,
several of the rank 1 matches show lower calculated seismic moment magnitude compared to
the observed seismic magnitude especially for
the (Mw ≥ 3) seismic events. This is consistent
with the previous findings that the faults are initially in a critically stressed state and already in a
state of plasticity (Zoback et al., 2012; Hornbach
et al., 2015; Lund Snee and Zoback, 2016; Quinones et al., 2018; Zhai and Shirzaei, 2018). We
did not account for any initial strain accumulaFigure 7. Tornado plot for sensitivity of injector BHP misfit to various fluid flow and
tion in the faults, and this might introduce biases
poroelastic parameters and their ranges (in parentheses).
in the model calibration. However, the methodology of multiobjective optimization allows us to
explore what information may be discerned from
the data, despite these shortcomings. Furthermore,
the use of coupled fluid flow and geomechanical
calculation, including Mohr-Coulomb failure, allows us to explore these coupled mechanisms.
Figure 9c and 9d shows the BHP history matching
result for injectors 1 and 2, respectively. All of the
rank 1 models show good agreement with historical pressure data and a decreasing pressure trend
over the injection period. The intent of the model
calibration is to be as quantitative as possible, and
the ensemble-based approach provides error
bounds in the parameter estimates. However, the
goal here is not to match the observed pressure
data exactly given the uncertainty in the field data.
Instead, the calibration results in an ensemble of
models that match the seismic and pressure data
adequately.
Figure 10 shows the parameter ranges before
and after history matching. The Ellenburger
permeability (2 PERME), fault cohesion (3 COHEF), and fault Poisson’s ratio (8 POISSF) show
Figure 8. Tornado plot for sensitivity of the seismic moment magnitude misfit to various
fluid flow and poroelastic parameters and their ranges (in parentheses).
a significant reduction in range after history

Chen et al.
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observed seismic events most likely would have improved in
Figure 9b.
Classification tree analysis is used to evaluate the relative parameter importance (Mishra and Datta-Gupta, 2017). The matched
models are split into four groups or clusters based on the misfit
function quartiles. Cluster 1 has the lowest misfit, and cluster
4 has the highest misfit value. This means that solutions falling into
cluster 1 most closely reproduce the observed history, whereas solutions falling into cluster 4 significantly deviate from the history.
Figure 11 shows the binary classification tree for the seismic moment magnitude misfit and the injector BHP misfit. The binary classification tree is generated by recursively finding the variable splits
that best separate the output into groups in which a single category
dominates (Breiman et al., 1984). The algorithm searches through
the variables one by one to find the optimal split within each

variable, and the splits are compared among all of the variables to
find the best split for that fork. The process is repeated until all
groups contain a single category. Thus, the more dominant variables
are generally the splits closer to the tree root. In this study, the minimum horizontal stress (Shmin) and fault Poisson’s ratio (POISSF)
dominate the seismic moment magnitude misfit. The BHP misfit is
most heavily impacted by the Ellenburger permeability (PERME).
It is important to note that if the effective minimum horizontal
stress is higher than a threshold value (4.53 kPa∕m), all simulation
results will significantly deviate from the seismic event history because of the insufficient accumulation of seismic moment magnitude. The minimum horizontal stress gradient is readily obtained
from minifrac tests and plays a critical role in evaluating the potential for induced seismicity.

RESULTS AND DISCUSSION

Figure 9. Multiobjective history-matching results. (a) Trade-off between seismic moment magnitude and BHP misfit. (b) Seismic moment magnitude match: initial versus
generation 5 rank 1. (c) Injector 1 BHP match: initial versus generation 5 rank 1. (d) Injector 2 BHP match: initial versus generation 5 rank 1.

Wastewater disposal has been associated with
induced seismicity, and much of the literature has
focused on reservoir pore pressure increase after
injection as the primary mechanism for the seismicity (Zhang et al., 2013; Gono et al., 2015;
Hornbach et al., 2015; Fan et al., 2016; Zhai and
Shirzaei, 2018). However, our results indicate
that pore pressure increase is not present in the
Azle basement fault and may not be the primary
reason for the seismic events at Azle. Previous
studies have suggested that the Barnett and Ellenburger formations are not isolated and so will
experience pressure communication between the
injection and production intervals (Pollastro et al.,
2007; Loucks et al., 2009; Hornbach et al.,
2015). Our wellhead pressure calibration study
reinforces this conclusion. However, when we
account for fluid injection and extraction, including the reservoir withdrawal from gas production, we see differential pressure increase and
decrease within the Ellenburger on opposite sides
of the Azle fault. However, we see no increase
in pore pressure in the Azle fault within the
basement.

Table 2. History-matching parameters and ranges.

Poroelastic properties

Fluid flow properties

Description

Parameter

Base

Low

High

Ellenburger Young’s modulus (kPa)
Basement Young’s modulus (kPa)
Fault Young’s modulus (kPa)
Fault cohesion (kPa)
Ellenburger Poisson’s ratio
Fault Poisson’s ratio
Effective minimum horizontal stress
Ellenburger pore volume multiplier
Ellenburger permeability multiplier
Permeability anisotropy

YOUNGE
YOUNGB
YOUNGF
COHEF
POISSE
POISSF
Shmin
PVE
PERME
Kv∕Kh

6.00E+07
4.30E+07
4.00E+07
1000
0.27
0.25
4.5
1
1
0.1

1.00E+07
1.00E+07
1.00E+07
0
0.15
0.15
1.5
0.7
0.1
0.01

1.00E+08
1.00E+08
1.00E+08
5000
0.35
0.35
9
1.3
10
0.2
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To further examine the impact of gas production on the reservoir pressure, we performed
coupled simulation including only water production. Figure 12 compares the injector BHP using
the total fluid extraction rate (gas and water) as in
this study versus water production rate only as in
the previous study (Hornbach et al., 2015). Using
only the water production rate, the simulated
BHP deviates significantly from the observed
pressure history.
The visualization of streamlines (fluid flow
paths) from one of the calibrated models is shown
in Figure 13a. Clearly, fluid flow occurs mostly in
the Barnett and Ellenburger formations and there
is no fluid movement into the basement. Thus,
there is no pore pressure change within the basement. However, even with the lack of fluid movement in the basement, Figure 13c and 13d shows
that there is noticeable plastic strain accumulation
for the weaker elements along the fault. For this
specific case shown in Figure 13, the fault Young’s
Figure 10. History match parameter ranges: (a) prior distribution and (b) posterior dismodulus and Poisson’s ratio are 6.86e+7 kPa and
tribution. PVE: Ellenburger pore volume multiplier, PERME: Ellenburger permeability,
0.16, respectively.
COHEF: fault cohesion, YOUNGE: Ellenburger Young’s modulus, YOUNGB: basement Young’s modulus, YOUNGF: fault Young’s modulus, POISSE: Ellenburger PoisPlastic strain change accumulation is caused
son’s ratio, POISSF: fault Poisson’s ratio, Shmin: minimum effective horizontal stress
by unbalanced loading on different sides of the
gradient, and Kv∕Kh: vertical permeability over the horizontal permeability anisotropy
fault as shown in Figure 14. On the northwest
ratio.
side of the main fault, there are two injectors
and 20 producers active at various times during
the simulation study. The overall net reservoir volume (the cumulative injection volume minus the cumulative production volume) at
the end of the simulation history is approximately 3.5 × 106 m3. On
the other side of the fault, there are 50 active producers at various
times during the simulation study, but no injectors. The overall net
reservoir volume is approximately −8.1 × 106 m3. Even though the
reservoir is not completely compartmentalized by the fault (Hornbach et al., 2015), the difference in net reservoir volume change on
different sides of the fault creates an unbalanced loading on the
basement. The unbalanced loading is evident from the pressure contours displayed on the streamlines in Figure 14c. As suggested in
previous studies (McGarr et al., 2002; Ellsworth, 2013; National
Research Council, 2013), changes in loading conditions on faults
due to fluid extraction and/or injection and associated stress
changes can result in earthquakes, even with no direct hydrologic
connection. This unbalanced loading can accumulate sufficient
plastic strain on the weaker elements of the basement, resulting in
stress fields capable of causing the observed earthquakes in the area.
The mechanism of unbalanced loading is sensitive to the local imbalance of pressure within the Ellenburger across the Azle fault. The
pressure imbalance is controlled by local injection and production.
To further validate our observations, we perform a quantitative
analysis to examine the relative contributions of pore pressure
Figure 11. Parameter importance analysis using a classification
change and poroelastic stress change on the Coulomb failure stress
tree. (a) Seismic moment magnitude misfit and (b) injector pressure
change (Δτ) (Chang and Segall, 2016a):
misfit. Shmin: minimum effective horizontal stress gradient,
POISSF: fault Poisson’s ratio, PERME: Ellenburger permeability,
YOUNGB: basement Young’s modulus, COHEF: fault cohesion,
Δτ ¼ Δτs þ μðΔp þ ΔσÞ ¼ μΔp þ ðΔτs þ μΔσÞ; (8)
and Kv∕Kh: vertical permeability over horizontal permeability
anisotropy ratio. Cluster 1 refers to the best model, and cluster 4
where Δτs is the change in the shear stress, Δσ is the change in
refers to the worst model based on the data misfit. For example,
normal stress calculated on the fault, Δp is the change in pore presthe important parameter ranges for the best-fit models can be understood by following the trail of cluster 1.
sure, and μ is the friction coefficient.
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Figure 15 shows the change in pore pressure versus the change in
poroelastic stress toward the top of the crystalline basement (3.3 km
depth). The poroelastic stress changes clearly dominate in the base-

Figure 12. Comparison of injector BHP for the
equivalent bottom hole total fluid rate (gas +
water) versus water rate only for (a) injector 1
and (b) injector 2.

Figure 13. (a) Streamline flow visualization
showing no fluid flow within the crystalline basement, (b) seismic event locations, (c) the matchedcase plastic strain change JJ component, and
(d) the matched-case plastic strain change JK component on 1 January 2014. The blue surface shows
the top of the crystalline basement, and the gray
surface shows the primary Azle fault.

Figure 14. A schematic diagram for the unbalanced loading on different sides of the Azle fault,
(b) the difference in net cumulative volume (injection volume – production volume) at different
sides of the fault, and (c) streamlined flow visualization showing the pressure imbalance at different
sides of the fault.

ment with no noticeable change in pore pressure. Even though the
low-permeability faults in the basement are not in pressure communication with the Ellenburger formation, the poroelastic stresses
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ment are not in pressure communication with the Ellenburger formation, the poroelastic stresses transmitted to the basement can
trigger seismicity without elevated pore pressure.
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Figure 15. Pore pressure change and poroelastic stress change over
time at the top of the crystalline basement (at 3.3 km depth). Note
the difference in scales in the figure.
transmitted to the basement can trigger seismicity without elevated
pore pressure in the basement fault.
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APPENDIX A
PARETO OPTIMIZATION AND GENETIC
ALGORITHM BACKGROUND

Geomechanical poroelastic interactions have a significant impact
Dominance relationships among different solutions form the baon the seismicity observed in the Azle area, North Texas. Unbalanced
sis of Pareto optimization. For a minimization problem involving n
loading on different sides of the main Azle fault appears to generate
objectives defined by objective functions fn, solution a dominates
an accumulation of plastic strain change in the basement, most likely
leading to stresses capable of causing the observed earthquakes in the
area. Unlike previous studies, our results indicate that the pore pressure does not increase within the basement fault and that pore pressure increase may not be sufficient to explain the seismicity near the
Azle area.
An integrated evaluation of the gas and water production due to
hydrocarbon recovery shows that the cumulative gas production is
almost an order of magnitude larger than the water production,
when corrected to reservoir volumes. The equivalent bottom hole
fluid rate (combining reservoir withdrawal from water and gas) used
in this study suggests a reduction in Ellenburger pore pressure that
is consistent with the observed wellhead pressure trends. We do not
see fluid movement or a pressure increase in the crystalline basement, although there is plastic strain accumulation for the weaker
elements along the fault in the basement. The accumulation of strain
change is caused by unbalanced loading on different sides of the
fault. To the northwest of the main fault, there are two injectors
Figure A-1. Dominance concept demonstrated using solution O.
and 20 producers, leading to an overall increase
in net reservoir volume of approximately
3.5 × 106 m3 . To the southeast of the fault, there
are 50 producers and an overall net decrease of
approximately 8.1 × 106 m3. Although the reservoir is not completely compartmentalized by the
fault, this difference in net reservoir volume
change on different sides of the fault creates an
unbalanced loading to the basement.
A quantitative analysis shows that the poroelastic stress changes dominate in the basement
with no noticeable change in pore pressure. Even
though the low-permeability faults in the baseFigure A-2. Solution ranking demonstration.
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over solution b if all objectives functions evaluated at solution a are
not greater than those of b, and at least one objective function of a is
strictly smaller than the corresponding objective function evaluated
at solution b (Park et al., 2015).
The dominance concept can be graphically demonstrated in
Figure A-1. For a two-objective optimization problem, we have solution O shown in the red circle. We draw vertical and horizontal
lines crossing solution O to divide the entire solution space into
four regions. In region A, obj1 and obj2 of all three solutions are
smaller than those of solution O. Thus, solutions in region A are
better solutions and dominate solution O. The obj1 and obj2 of
solutions in region C are larger than those of solution O, so solutions in region C are dominated by solution O. In regions B and D,
solutions have one objective smaller but the other objective larger
than that of solution O. Thus, there is no dominance relationship
between region B and D solutions and solution O.
A similar exercise can be performed on every solution to obtain
the overall ranking of the solution. In Figure A-2, a set of solutions
that are not dominated by any other solutions are classified as rank
1 solutions. When rank 1 solutions are excluded from the solution
space, the same exercise is performed in the new solution space to
obtain rank 2 solutions. Then, rank 1 and rank 2 solutions are excluded to obtain the next rank level of nondominated solutions. The
process is continued until all solutions are assigned a rank level
(Park et al., 2015).
The solution ranking exhibits the following features: (1) Solutions
on the same rank or same Pareto front are equally optimal, (2) the
lower-rank solutions are more competitive than the higher rank ones
for a minimization problem, and (3) trade-offs of the front reveal
potential conflicts between objectives.
GA is one of the evolutionary methods for solving optimization
problems (Goldberg, 1989). It imitates biological principles of evolution — natural selection and survival of the fittest. It has been
extensively applied to history-matching problems (Bittencourt and
Horne, 1997; Romero and Carter, 2001; Yin et al., 2011; Iino et al.,
2017; Park et al., 2019).
In GA, a population of candidate solutions to an optimization
problem evolves toward better solutions. Each candidate solution
has a set of properties that can be mutated and altered. At the initialization step, the population is generated randomly, providing the
range of possible solutions (the search space). During each successive generation, a portion of the existing population is selected to
breed a new generation. Individual solutions are selected through a
fitness-based process, where fitter solutions (as measured by a fitness function) are more likely to be selected. Certain selection methods rate the fitness of each solution and preferentially select the best
solutions. The next step is to generate a second-generation population of solutions from those selected through a combination of genetic operators: crossover (also called recombination) and mutation.
For each new solution to be produced, a pair of “parent” solutions is
selected for breeding from the pool selected previously. By producing
a “child” solution using the above methods of crossover and mutation, a new solution is created, which typically shares many of the
characteristics of its “parents.” New parents are selected for each new
child, and the process continues until a new population of solutions of
appropriate size is generated. These processes ultimately result in the
next generation population that is different from the initial generation.
Generally, the average fitness will have increased by this procedure
for the population because only the best organisms from the first gen-

eration are selected for breeding, along with a small proportion of
less-fit solutions. These less-fit solutions ensure genetic diversity
within the genetic pool of the parents and therefore ensure the genetic
diversity of the subsequent generation of children.

APPENDIX B
TUBING HEAD PRESSURE TO BOTTOM
HOLE PRESSURE
The tubing head pressure to BHP calculation is routine in the
petroleum engineering literature (Govier and Aziz, 1972; Beggs
and Brill, 1973; Chen, 1979; Taitel et al., 1982; Bradley, 1987; Ansari et al., 1990; Economides et al., 2013). The calculation below
follows Economides et al. (2013). Because both Azle injection
wells are wastewater disposal wells, a single-phase incompressible
flow model will be used. The Reynolds number needs to be calculated to determine if the flow is laminar or turbulent:

N re ¼

Duρ
;
μ

(B-1)

where D is the wellbore diameter, u is the average velocity, ρ is the
fluid density, and μ is the fluid viscosity. If N re is larger than 2100
(Economides et al., 2013), it is turbulent flow. Otherwise, it is laminar flow.
The overall pressure drop between the well head and the bottom
hole consists of three parts: potential energy, kinetic energy, and
frictional pressure drop:

Δp ¼ ΔpPE þ ΔpKE þ ΔpF :

(B-2)

Because there is no change in the inner diameter of the disposal well
and thus no change in the velocity of the fluid, ΔpKE ¼ 0. The term
ΔpPE accounts for the pressure change due to the weight of the
column of fluid. Because the injected fluid is water, the potential
energy change is low and it can be calculated as

ΔpPE ¼

g
ρΔZ;
gc

(B-3)

where ΔZ is the difference in elevation. The frictional pressure drop
ΔpF can be obtained from the Fanning equation (Fanning, 1896):

ΔpF ¼

2f f ρu2 L
;
gc D

(B-4)

where u is the velocity and f f is the Fanning friction factor:

ff ¼

8
>
16
>
> N re ;
<
>
>
>
: −4log



1


ε
5.0452
3.7065− N re log

ε1.1098
2.8257 þ

N re < 2100

0.8981  2 ; N re > 2100 :


7.149
N re

(B-5)
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In this study, we convert gas production at the surface condition
to the reservoir condition, a routine calculation in reservoir engineering (Dake, 1983; McCain, 1990; Lee and Wattenbarger,
1996; Economides et al., 2013; Ahmed, 2018). The surface gas rate
for 70 wells can be obtained from the Railroad Commission of
Texas (2018b). The total cumulative production in the surface
and reservoir conditions is shown in Figure C-1. A sample calculation for reservoir gas withdrawal rates is provided below.
The gas formation volume factor, Bg , defined as the ratio of the
volume of gas at the reservoir temperature and pressure to the volume at the standard temperature and pressure, can be calculated by
rearranging the real gas equation (Dake, 1983):

V
psc zT
Bg ¼ res ¼
:
V sc Zsc T sc pres

(C-1)

psc ¼ 101 kPað14.7 psiÞ:

(C-2)

T sc ¼ 15.7°Cð520°RÞ:

(C-3)

We use a pressure gradient of 10.2 kPa∕m (0.45 psi∕ft) and a
geothermal gradient of 0.0219°C/m (12°F∕1000 ft) (Syms,
2011). The average depth for Barnett is 2100 m (6888 ft). We
can then calculate reservoir pressure and temperature:

pres ¼ 21;374 kPað3100 psiÞ:

(C-4)

T res ¼ 62°Cð603°RÞ:

(C-5)

The only unknown is the gas compressibility factor Z, which
requires the gas composition. The gas composition is shown in
Table C-1 (Hill et al., 2007).
Knowing the gas compressibility, we estimate
the Z-factor to be 0.82 (McCain, 1990). Substituting back into equation C-1, we obtain

Bg ¼ 0.00451

Figure C-1. Cumulative gas production for 70 wells at surface and reservoir conditions.

rm3
;
sm3

(C-6)

where rm3 is the cubic meter in reservoir conditions and sm3 is the cubic meter in standard
conditions.
In our simulation, Bg is a dynamic parameter
based on the calculated BHP and Figure C-2.

Table C-1. Gas composition and critical pressure and temperature calculation.
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