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Abstract 

Reservoir numerical modelling is undertaken to approximate the current physical state of a 

reservoir to predict its future response. To improve the match between the model and the real 

system, calibration is undertaken by adjusting reservoir parameters, producing a more 

reliable model. Microseismicity presents a means to calibrate reservoir parameters, 

particularly the permeability of a fault that serves as a primary fluid pathway. Fluid injection 

causes pressure build-up in the reservoir, which decreases rock yield strength and promotes 

shear failure: a small earthquake. The location, migration, and number of events provide 

information about the nature of fluid flow through the reservoir. The study aims to integrate 

microearthquake (MEQ) data into a reservoir model development and calibration workflow 

to estimate the permeability of formations and faults. 

This study considers an induced seismicity model representing an area where fluid is 

injected. A forward run using TOUGH2 simulator is conducted to estimate pressure changes 

due to injection into a single well for specified reservoir and fault parameters. Pressure 

change on the fault is used to compute its seismicity rate as well as the spatiotemporal 

evolution of the events. The relationship between reservoir pressure evolution and synthetic 

microseismicity provides the physical link necessary to use field MEQ data for calibration. 

This study uses seismicity migration rate to estimate permeability of the reservoir and the 

fault. The result suggests that identifying reservoir parameters is possible given a large MEQ 

dataset. The confidence in estimation depends on the number of MEQ data used in 

calibration and is influenced by the accurate estimate of the other reservoir parameters (e.g., 

porosity) which the inversion relies upon. 

The methods developed are then applied to set of earthquakes triggered by wastewater 

injection wells in the Guy-Greenbrier area of Arkansas. This case study involves development 

of a simple model to estimate the seismicity rate for the area using the fluid pressure 

evolution, calibration to match the simulated seismicity rate with the actual MEQ data, and 

inverse modelling to estimate the permeability of the Ozark Aquifer where the fluid is injected 

and the Guy-Greenbrier fault where most of the microseismic events occur. 
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Chapter 1. Introduction 

Geothermal energy production involves mining of energy contained as heat in the Earth’s 

interior to generate power. The heat is generated deep beneath the earth’s surface and is 

linked with the internal structure of the planet and the occurrence of physical and chemical 

processes underneath. Geothermal resources are exploited in regions that are usually near 

plate boundaries where the geothermal gradient is significantly higher than the average value 

of 30
o
C/ km. A geothermal system has three main elements: an accessible heat source, a 

permeable fractured reservoir, and fluid. The heat is usually released from magma bodies 

undergoing cooling or in the process of solidification. The reservoir is where fluids are 

circulating. It is covered with an impermeable cap rock that prevents the geothermal fluids 

from quickly reaching the surface and keeps the fluids under pressure. The geothermal fluids 

are essentially rainwater, which sometimes include magmatic connate and/or metamorphic 

fluids, that penetrated from recharge areas and carry heat as they flow through the subsurface 

(Dickson & Fanelli, 1995). Wells are drilled into the reservoir to extract the hot fluids which 

are then used for electricity generation and for direct-use (e.g., space heating, industry 

process, etc.). Geothermal energy was first harnessed on a large scale in the 20
th

 century and 

is mostly used for space heating, industry process, and electricity generation. It has been 

produced commercially for over 80 years (Fridleifsson, 2001). In these tectonically 

favourable areas, high temperatures are encountered at shallow depths, so drilling of wells to 

tap high-temperature resources and development of a geothermal field is economically 

feasible. Geothermal energy for electricity generation is present in different countries 

including USA, Philippines, Indonesia, Mexico, New Zealand, and many others. 

Geothermal systems have been associated with earthquake occurrence mainly because most 

geothermal resources are found near plate boundaries or volcanic regions. An earthquake is a 

tremor in the Earth’s crust caused by a sudden release of energy from the rupture or failure of 

rocks along fractures due to stress and strain. Rock failure is comparable to a stretched rubber 

band that suddenly snaps after reaching its breaking point and releases the energy stored in 

the elastic band. The energy from a rock failure is released in the form of seismic waves 

which result in ground motion and are experienced as an earthquake (National Research 

Council, 2013). Naturally occurring earthquakes are triggered due to the rapid movement of 

rocks along geologic faults that release stored energy built up from tectonic stresses. Some of 
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the earthquakes are large enough to be felt by humans and can cause harm and property 

damage. Others are small enough that shaking cannot be felt at the Earth’s surface and 

sensitive seismic instruments must be used to detect them. 

Several studies have shown that microearthquake (MEQ) occurrence is associated and has a 

strong relationship with hydrothermal activities. The natural flow of fluid due to convection 

within the geothermal system causes stress and strain on the formation. The physical and 

chemical effect of fluids, including fluid pressure and temperature, weakens the formation in 

geothermal areas, altering the stress changes in the area, which yields to rock failure and 

triggers  seismic events (Ward, 1971). Examples of these are the microseismicity triggered in 

the hydrothermal reaction zone of northern Juan de Fuca Ridge (Golden, Weeb, & Sohn, 

2003) and the East Pacific Rise (Sohn, Hildebrand, & Webb, 1999). Most of the microseismic 

events in these areas are due to thermal strain as the fluid extracts heat from the formation 

rather than seafloor spreading or tectonic strain. Microseismic events observed in Hengill-

Grensdalur area in Iceland are due to the simultaneous shear and tensile cracks caused by the 

fluid flow which shows that there is a correlation with fluid flow and microseismicity (Julian, 

Miller, & Foulger, 1997). Microseismicity promotes practical applications in studying 

complex geothermal processes and locating new geothermal areas (Ward, 1971).  

Microseismicity is also associated with activities performed by humans that alter stresses 

within the Earth’s crust; this is referred to as induced seismicity. Induced seismicity is usually 

too small to pose a hazard to people and property. However, some events are large enough to 

be felt by humans and are therefore regarded as a threat to the public. Induced seismic events 

can occur due to several causes including heavy engineering and construction works, mining, 

and impoundment of a surface reservoir. Induced seismicity resulting from the fluid injection 

is the most common cause of microseismicity (Ellsworth, 2013), and this serves as the focal 

point of this study. On an active fault, shear stress builds up on rocks due to tectonic plate 

motion and an earthquake is triggered when the shear stress reaches the maximum stress the 

rocks can handle. This maximum stress is called the shear strength. For fluid-induced 

seismicity, the shear strength of the rock decreases as the fluid pressure builds up thus 

promoting rock failure and triggering earthquakes (Hubbert & Rubey, 1959). The stress 

change in the rocks is also associated by thermal stress redistribution, volume expansion or 

contraction, etc. 
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There are several energy technology activities related to fluid injection that are known to 

induce seismic events. One of these is geothermal fluid reinjection in which fluids from the 

production areas and power plants are injected back into the reservoir. Reinjection is done 

either as part of brine disposal for environmental reasons or to serve as fluid recharge as part 

of sustainable resource management. During injection, the fluid injected into the reservoir 

causes thermal cooling and increases fluid pore pressure which can weaken the shear strength 

of the rocks in the nearby faults. The result can be rock failure and earthquake triggering. An 

example of this is the occurrence of induced seismic events below the depths of injection and 

production wells at the Geysers Geothermal Field. The injection of water in the reservoir 

triggers seismic events that are caused by thermal-elastic cooling and contraction and 

increased fluid pressure, both of which contribute to the reduction of shear strength of the 

deep formation (Rutqvist & Oldenburg, 2008). 

Enhanced Geothermal Systems (EGS) are another emerging energy technology linked to 

induced seismicity. EGS are developed in regions where high temperature is present at 

shallower depth, but conventional production is not possible because the reservoir is 

impermeable. In EGS, permeability is enhanced using hydraulic fracturing or shear 

stimulation, which is done by injecting fluid at sufficient pressure to promote rock failure. 

This failure reactivates existing fractures and creates more fractures that serve as additional 

pathways for the fluid to flow through and extract heat beneath the Earth’s surface. The 

fracturing of rocks is accompanied by seismic events. 

Other causes of fluid-induced seismicity are hydro-fracturing for hydrocarbon recovery in oil 

and gas production field (Davis, Foulger, Bindley, & Styles, 2013). Another is using high-

volume and deep fluid injection for wastewater disposal (Keranen, Weingarten, Abers, 

Bekins, & Ge, 2014), and carbon dioxide injection to enhance oil recovery and large-scale 

carbon capture storage as part of reducing CO2 emission in the atmosphere (National 

Research Council, 2013; Zoback & Gorelick, 2012). 

One remarkable induced seismicity-related activity is the European Hot Dry Rock (HDR) site 

at Soultz-sous-Forêts in Alsace, France. The site is located in the Western part of the Upper 

Rhine Graben which is characterised by an extensional tectonic regime and a high-

temperature gradient at shallow zones (Charlety, et al., 2007). The site is known to be in the 

zone in which minor earthquakes naturally occur. Borehole logs have shown a highly 

fractured granitic massif, and petrographical studies have concluded that fractures are 

http://www.sciencedirect.com.ezproxy.auckland.ac.nz/science/article/pii/S1365160909001543
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hydrothermalized and naturally permeable. Although the reservoir is naturally permeable, the 

permeability is too low to exploit the geothermal resource, and there is no primary flow path 

to connect areas within the reservoir. The project started in 1987 and various developments 

have been done including the successful long-term circulation of fluid from an injection well 

(GPK1) to the production well (GPK2) using constant flow rate injected at a depth of 3,600 

meters with a temperature of 160
o
C. In 1997, GPK2 was deepened from 3,800 meters to a 

depth of 5,000 meters to reach the temperature of 200
o
C so that the heat extracted is enough 

for electricity generation. Another well GPK3 was drilled down to 5,091 meters to serve as 

the injection well. In June 2000, GPK2 was stimulated to enhance the fractures around the 

well and create a new geothermal reservoir at a depth of 4,500-5,000 meters. Five borehole 

seismic networks were installed to measure microseismicity in the area, and an additional 35 

surface seismic stations were installed to characterise large events (Majer, et al., 2007). Over 

six days of injection at increasing rates—with total injection amounting to 23,400 m
3
—about 

30,000 seismic events were triggered of all origins, from which 14,000 events were located 

and about 7,200 of which were events with the most reliable location (Dorbath, Cuenot, 

Genter, & Frogneux, 2009).  These MEQs formed a cumulative seismic cloud around the 

region where the fluid was injected. About 718 events have a magnitude equal or greater than 

1.0, and the largest event triggered has a magnitude of 2.5. Due to the occurrence of the felt 

earthquake, the stimulation of GPK3 done in 2003 was conducted with a longer duration and 

used more fluid for injection. During the 2003 stimulation, about 8,300 seismic events were 

located by downhole networks, and 3,200 events were located by the surface networks 

(Dorbath, Cuenot, Genter, & Frogneux, 2009). In 2004, another production well (GPK4) was 

drilled to a depth of 5,260 meters to create a geothermal network in the 5 km deep reservoir. 

It was stimulated the same year and the year after to create a connection with the other wells. 

Induced seismicity was also observed during the stimulation. However, the amount of data 

gathered from the stimulation is limited and could not deliver reliable statistics (Dorbath, 

Cuenot, Genter, & Frogneux, 2009). The stimulation of GPK4 is said to be a failure since 

there was no improvement in the connection of GPK4 with the other wells. The microseismic 

data from the stimulation of GPK2 and GPK3 have been used for different studies and 

analysis including fluid-transport characterisation (Delepine, et al., 2004) and numerical 

modelling for fluid injection (Baisch, et al., 2010). 

Another EGS project in Europe that has records of seismic events due to fluid injection is the 

Deep Heat Mining Project in Basel, Switzerland. The project was initiated to develop a 
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geothermal cogeneration plant from an EGS in the city of Basel. The city is located at the 

southern end of the Upper Rhine Graben, where it intersects the fold and thrust of Jura 

Mountains in Switzerland (Deichmann & Domenico, 2009). The Upper Rhine Graben has a 

history of frequent minor seismicity and occasional destructive seismicity, particularly at the 

southern end where the city is located. The largest and most-damaging earthquake that 

occurred in Basel was a magnitude 6.5 in 1356 (Häring, Schanz, Ladner, & Dyer, 2008). The 

drilling of a deep injection well named Basel 1 started on May 2006 and reached its final 

depth of 5 km on October 2006. To monitor background seismicity in the area, thirty surface 

seismic network stations were installed together with six borehole seismometers before Basel 

1 stimulation. These seismic network stations were also used to capture induced seismicity 

that occurred during fluid injection and fracturing of the geothermal reservoir. The well 

stimulation started on 2 December 2006 where water was injected at increasing flow rates. 

There was a dramatic increase in seismicity during the injection phase, and on 8 December 

2006, a magnitude 2.6 event occurred within the injection area. The magnitude of the seismic 

event exceeded the safety threshold, and the injection was stopped prematurely. A total of 

11,500 m
3
 of water was injected between those dates and more than 10,500 induced seismic 

events were recorded. Seismic events continued to occur after the well was shut-in including 

magnitude 2.7 and  3.4 earthquakes, so it was decided to “bleed-off” the pressure of the well. 

The reduction in pressure resulted in a rapid decline in seismic activity, and since then 

seismicity in the area has decayed(Deichmann & Domenico, 2009; Kraft, et al., 2009). Due to 

these seismic events, the project was immediately suspended. Two years after, sporadic 

seismicity was still being detected by the downhole instruments. The seismicity data 

generated by this project has been used for several studies on earthquake triggering 

mechanism (Kraft & Deichmann, 2014), stress changes (Catalli, Meier, & Wiemer, 2013), 

and seismic risk evaluation (Mignan, Landtwing, Kästli, Mena, & Wiemer, 2015). 

The fluid-transport properties of rocks is one of the most significant pieces of information 

obtained during reservoir characterisation. Understanding the fluid flow through the system is 

essential in the development of a geothermal reservoir. Today, MEQs are one of the tools 

used to assess the permeability of structures, determine the boundaries of geothermal 

reservoirs, and monitor migration pattern of injection fluids (Pramono & Colombo, 2005). 

Seismic monitoring provides supporting data for field management strategies for drilling, 

production, and injection (Sepulveda, Andrews, Alvarez, Montague, & Mannington, 2013). 

The correlation of microseismicity to the production and injection history has been an 
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essential component of enhancing conceptual and numerical reservoir simulation models 

(Sewell, et al., 2013). 

A simple approach to estimate the permeability of a reservoir using fluid-induced 

microseismicity was performed by studying hydraulic diffusivity of the fluid in a 

homogeneous isotropic medium (Shapiro, Huenges, & Borm, 1997). The pore pressure 

change in space and time are controlled by pore-pressure diffusion which serves as the main 

mechanism of the induced seismic events during fluid injection (Shapiro, Rentsch, & Rothert, 

2005). This method, which is called seismicity-based reservoir characterisation (SBRC), has 

been the foundation for estimating the in-situ permeability tensor in a large-scale 

homogeneous anisotropic medium (Shapiro, Audigane, & Royer, 1999), and permeability in 

heterogeneous porous medium (Shapiro & Muller, 1999) using microseismic data. A simple 

numerical model using a finite element algorithm was also developed to verify the SRBC 

method by simulating the spatiotemporal distribution of the induced microseismicity, which 

depends on the hydraulic properties of the rocks (Rothert & Shapiro, 2003). The SRBC 

method was used to estimate the permeability of the reservoir of the HDR project in Soultz-

sous-Forêts (Delepine, et al., 2004). 

Geothermal systems involve complex physical processes of heat and mass transfer, and 

deformation of solid rock matrix, all in a highly heterogeneous environment (O' Sullivan & 

Pruess, 2000). Thus, reservoir numerical modelling is usually undertaken to approximate the 

current physical state of the reservoir by mathematically characterising the flow of fluid and 

heat in a fractured porous media. Calibration of models is done by adjusting reservoir 

parameters to improve the match of the model behaviour and the behaviour of the real 

system. Once the model achieves an acceptable match, it can be used for predicting future 

responses. This study presents a further opportunity to use microseismicity as a tool for 

calibrating reservoir parameters; particularly, the permeability of active faults that serve as 

major fluid pathways in the reservoir. The location, migration, and number of MEQs provide 

information about the pressure changes and the nature of the fluid flow through the reservoir. 

The objective of this study is to integrate MEQ data into the reservoir model development 

workflow to estimate reservoir parameters, which in this study, are the permeabilities of the 

reservoir and the fault. This thesis builds on an earlier work by Rivera and Dempsey (2017) 

submitted to the 39
th

 New Zealand Geothermal Workshop held in Rotorua, New Zealand. 

This study first used synthetic examples to illustrate the reservoir model development 

http://www.sciencedirect.com.ezproxy.auckland.ac.nz/science/article/pii/S1365160909001543
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workflow as a proof-of-concept. Some of these ideas were then tested on an induced 

seismicity case study in Arkansas. 

The thesis is divided into three chapters. Chapter 2 discusses the general workflow of induced 

seismicity model development for a general fluid injection well. It includes discussion on the 

forward model run using TOUGH2, earthquake simulation using the pressure output of 

TOUGH2, and Poisson model for the generated seismicity rate from the earthquake 

simulation. 

Chapter 3 discusses synthetic inversion and calibration using the MEQ data generated from 

the induced seismicity model. Inverse modelling was performed to estimate the fault 

permeability of the synthetic model using log-likelihood distribution. The chapter also 

includes the effects of variation in MEQ data and uncertainties in the model calibration.  

Chapter 4 presents a case study of fluid-induced seismicity specifically on microseismicity 

from a wastewater injection site in Arkansas. The case study focuses on the injection area 

with several waste disposal wells in which wastewater from hydraulic fracturing done in a 

natural gas field is injected under pressure into the subsurface rocks. This chapter discusses 

how the proposed method is applied to estimate the permeability of the Ozark Aquifer and 

the Guy-Greenbrier fault on which most of the microseismic events occur. 
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Chapter 2. Induced Seismicity Model 

This chapter discusses the general workflow for the development of the synthetic induced 

seismicity model. This study presents synthetic example as the initial steps introduced in this 

chapter are proof-of-concept. This study uses a simple underground reservoir, focusing 

mainly on the injection area. An injection well is situated at the centre of the field with the 

fluid being injected into the reservoir at a constant rate.  There is a fault that lies somewhere 

within the reservoir which serves as the major pathway of the fluid. The pressure changes in 

the fault are due to the fluid injection which cause rock failure and triggers seismicity. 

Figure 1 shows the general workflow which includes the synthetic model development and its 

sub-processes together with the inverse modelling process. The process starts with the 

creation of a numerical model which replicates the physical characteristics of the system. 

TOUGH2 simulation is performed to generate the simulated pressure changes in the reservoir 

due to fluid injection. The study uses TOUGH2 for reservoir simulation because it is one of 

the most commonly used simulators in reservoir modelling (geothermal and non-geothermal 

system). Thus the method becomes useful for more extensive reservoir simulations. The 

pressure output from the synthetic model is used as input to the earthquake simulation to 

estimate the number of events triggered along the fault at a given period. The spatiotemporal 

evolution of the events is used to compute for the average seismicity rate of the fault. The 

seismicity rate is then used in the Poisson model to generate synthetic MEQ data using 

Poisson point process. This synthetic MEQ data is used in inverse modelling to estimate 

reservoir parameters, specifically the permeability of the fault, which will be discussed in the 

next chapter.  
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Figure 1. The general workflow of synthetic induced seismicity model development and inverse modelling 

using MEQ data. 

 

 

Synthetic Model 
Development

Inverse Modelling

(1)

(2)

(3)
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2.1. TOUGH2 Simulation 

“TOUGH (or ‘Transport Of Unsaturated Groundwater and Heat’) suite of software codes are 

multi-dimensional numerical models for simulating the coupled transport of water, vapour, 

non-condensible gas, and heat in porous and fractured media” (Lawrence Berkeley National 

Laboratory, 2017). A team in Lawrence Berkeley National Laboratory (LBNL) located at 

Berkeley, California developed and the team continue to maintain this suite of codes. It is 

designed primarily for geothermal reservoir engineering but is widely used for other 

applications that are related to flow of fluid and heat in permeable media. The governing 

equations in the TOUGH suite of codes are based on the conservation of heat and mass in a 

porous media that permits Darcy flow. 

TOUGH2 is a licensed software with an “open” architecture written in FORTRAN77. The 

licensed copies of the source code can be purchased from LBNL allowing users to modify 

and enhance the code based on their needs (Pruess, Oldenburg, & Moridis, 1999). Through 

time, various developments have been applied to TOUGH2 that involve modelling of 

hydrological, thermal, geochemical and mechanical processes of porous and fractured media. 

These developments also include optimization of the code, and it also includes improvements 

to the numerical methods. One of the notable versions of TOUGH2 is AUTOUGH2 

developed by the University of Auckland under the Department of Engineering Science.  

AUTOUGH2 has been continuously enhanced over the years with the aim of improving the 

ease of use, efficiency, and capability of TOUGH2 by increasing the execution speed and 

introducing additional input/output options and graphical utilities (Yeh, Croucher, & O' 

Sullivan, 2012). PyTOUGH (or Python TOUGH) is created as a pre- and post-processing tool 

for TOUGH2-related simulations and is a Python-based scripting library used to create and 

edit files related to TOUGH2 simulation such as geometry file and data input file (Croucher, 

2016). The simulations performed in this study were run using AUTOUGH2 with the aid of 

PyTOUGH scripts. PyTOUGH was used to analyse the simulation results and create a 

graphical display from the output file. 

Nowadays, TOUGH2 is used in the development of geomechanical processes and models due 

to the popularity of fluid injection-related studies. Modelling of coupled multiphase flow and 

geomechanical processes has been one of the primary interests in geothermal and oil and gas 

industry which led to the growth and development of TOUGH2-based geomechanics models 

(Rutqvist, 2015). About 15 additional models have been developed and published to address 
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the effects of stress and strain on the properties of the rock and the reservoir in relation to 

flow and transport through the system. These different models are designed based on the 

mechanical behaviour of porous and fractured media, numerical methods in the stress-strain 

calculation and other factors which are applied to the specific needs and objectives of the 

system being studied. 

This study deals with the relationship of underground fluid injection with induced seismicity. 

TOUGH2 can model the pressure changes in the reservoir due to injection. The pressure 

output from TOUGH2 simulation can then be used to calculate the stress changes along an 

active fault that leads to rock failure, thus triggering microearthquakes. Several models in 

geomechanics that have been developed involve induced seismicity due to fluid injection. 

One of these is TOUGH2-FLAC which has been used and is still being used in several 

studies related to fault reactivation and seismicity induced by fluid injection (Rutqvist, 2011). 

Another model named TOUGH2-SEED developed by Nespoli et al., (2015) utilizes pressure 

and temperature from TOUGH2 simulations to calculate the stress points on distributed “seed 

points” —which represent potential hypocenters—to model the reactivation of the “seeds” 

based on the stress changes (Nespoli, Rinaldi, & Wiemer, 2015). TOUGH2-SEED also 

calculates the permeability enhancement and the permeability transfer based on pressure 

variation. The study presented in this thesis applies a similar principle of earthquake 

triggering but with a different approach; the occurrence of the seismic events due to fluid 

overpressure is used to calibrate unknown reservoir parameters to reinforce matching 

between the model and reality.  

2.1.1 Grid Generation 

The first step in the preparation of TOUGH2 simulation is grid generation. The model grid is 

created to replicate the characteristics of the reservoir being modelled. It is designed to 

convert the conceptual model into a discrete system where the numerical fluid flow 

simulation can be performed. The model grid can be designed to align with the major 

geological structure that dictates the fluid flow in the reservoir so that the fluid flows parallel 

to the fault. It can also be extended to cover unexplored areas that have geological 

manifestations and geophysical anomaly to further analyse the extent of the reservoir (Aziz, 

1993). Each block of the grid represents a region of the field with specific reservoir properties 

such as porosity and permeability. In TOUGH2, the geometric information is provided in the 

form of grid block volumes, interface areas, and nodal distance (Pruess, Oldenburg, & 
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Moridis, 1999). Grid block volumes and connections between the blocks are used in the 

computation of the mass and heat flow through the system, and the accuracy of the 

computation largely depends on these conditions. The main idea is that the centre-to-centre 

distance between connected grid blocks should be as small as possible and the line 

connecting the centres and their connection interface should be orthogonal for an efficient 

and accurate simulation. TOUGH2 can handle regular and unstructured grids, and these grid 

configurations should be optimised and balanced with the total number of grid blocks as it 

affects the running time of the simulation.  

The grid created for the synthetic model of this study is a simple rectangular grid of 12 km x 

12 km x 1 m in dimension (Figure 2). The extent of the grid was made large compared to the 

modelled system to eliminate boundary effect. Given this, it takes more time for the fluid to 

reach the outside boundary as compared to a smaller grid. The grid consists of 14,400 grid 

blocks with each block having a dimension of 100m x 100m. It is necessary that the size of 

the grid blocks be small enough so that the simulation performed using TOUGH2 is accurate 

and efficient. However, it is time-consuming to run a model with a large number of grid 

blocks especially during inverse modelling where many forward simulations need to be 

performed. This problem is addressed by modifying the grid dimensions to reduce the 

number of grid blocks while maintaining the necessary small grid block size and large grid 

dimension. 

 

Figure 2. The original grid of the synthetic model. 
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PyTOUGH provides mechanisms for controlling and altering grid dimensions and resolution, 

as well as topography and optimising grid structure (O' Sullivan, Dempsey, Croucher, Yeh, & 

O' Sullivan, 2013). It was used to modify and optimise the grid of the model specifically at 

the area near the injection well where the fluid is being injected. Local grid refinement is 

needed to reduce the block size within the area of interest, dividing the blocks by a factor of 

two in both x- and y- directions, while leaving the block size in the remainder of the model 

unchanged (Croucher & O' Sullivan, 2013).  Starting with a grid block size of 400 m x 400 

m, local grid refinements were done first to reduce grid size to 200 m x 200 m and then 100 

m x 100 m near the centre. The size of the grid blocks is increased to 400 m x 400 m and 

performed several local grid refinements of 200 m and 100 m respectively, towards the centre 

of the grid (Figure 3a). The grid modification reduced the number of blocks to 5,384 which is 

37.4% of the total number of blocks of the original grid.  

 

Figure 3. (a) Modified rectangular grid with increasing refinements. (b) Quarter of the grid used in the 

model 

 

The model was constructed to restrict the flow of fluid in the x- and y- directions only. The 

grid has only one layer with a thickness of 1m so that there is no vertical flow expected in the 

model. The model grid developed in this chapter is used for the one-parameter model in 

which the permeability of the fault is the same as that of the reservoir. A different model grid 

was created for a two-parameter model which will be discussed in the next chapter. As the 

(a) (b)
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fluid is being injected at the centre of the grid, fluid is likely to flow radially within the 

reservoir since the permeability is uniform throughout the model grid. Due to this symmetry, 

only one-quarter of the grid is needed to simulate in the model (Figure 3b). This approach is 

similar to the “Five-spot Geothermal Production/ Injection” example provided in TOUGH2 

(Pruess, Oldenburg, & Moridis, 1999). The model uses the upper right portion of the grid as 

the primary grid in the simulation. This further reduced the number of blocks to 1,346 which 

significantly reduces the runtime of simulations. Note that even though a radial grid would 

have had fewer grid blocks and provided more efficient fluid flow for this kind of problem, a 

rectangular grid was used since most models are restricted to the rectangular grid with a large 

number of grid blocks which makes the method useful for general reservoir simulation. 

The main grid was created using the “mulgrids” library of PyTOUGH to generate the 

MULgraph geometry file – a file that is used to give a geometrical description of a TOUGH2 

model grid that includes data about the locations of the grid block vertices. Mulgrid was 

initially developed for the use of MULgraph, a TOUGH2 graphical post-processor, but the 

geometry file can be used independently of MULgraph (Croucher, 2016). 

 

2.1.2 TOUGH2  Input Parameters 

The TOUGH2 input file is the data file used by TOUGH2 to run the simulation. It contains 

all information about the model grid, reservoir parameters used in the simulation, simulation 

time and time steps, heat and mass sources, etc. It follows a fixed format and uses standard 

metric (SI) units for all input parameters including those with derived units, e.g., Joules, 

Pascal etc. (Pruess, Oldenburg, & Moridis, 1999). The data are organised in sections or 

blocks that handle different parts of the simulation such as rock properties, heat and mass 

sources, grid block volume and connections, etc. The number of records in each section may 

vary depending on the model. However, the format for each record is fixed, and all 

parameters required for each record need to have specified values for the simulation to run.  

Since TOUGH2 has a restrictive format per record, preparing an input file can be 

cumbersome if values are inputted manually into the data file. The spacing, row location, and 

number of characters for each data entry have to be correct for TOUGH2 to read the data and 

run the simulation. Any mistakes in the formatting of the data file can cause errors in 

TOUGH2 which can be hard to understand and debug. To manage this, PyTOUGH was used 
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as a pre-processor to create the input file. The input file of the model was prepared using the 

“t2data” library of PyTOUGH, which is for creating and editing TOUGH2 data files. A script 

was created to generate each section/block of the input file.  

The mulgrid geometry file of the model was converted to TOUGH2 data using “t2grid” 

library. The t2grid converted all grid blocks to block volumes with corresponding block 

names (ELEME) based on the dimension of the grid blocks in the mulgrid file. It also 

assigned Cartesian coordinates to the grid block centres in the input file to make plotting 

results convenient. The coordinates were not utilised when running the simulation. After the 

conversion, the volume of the boundary blocks was modified to a considerable volume of 

about 10
8
 m

3
 so that fluid can flow in and out of the boundary blocks without significantly 

changing its pressure. This approximates an open boundary condition. The t2grid also 

generated the connections between each block (CONNE) by checking every pair of grid 

blocks that has connections and recording the distance of the centres from the interface, the 

area of the common interface between connected blocks, and the cosine of the angle between 

the flow direction and the vertical direction. 

A single rock type was added (ROCKS) to the input file with the isotropic permeability of 

1x10
-13

 m
2
 and porosity of 0.20, which represent permeability and porosity values of an 

excellent reservoir (e.g., oil and gas reservoirs). Other rock properties were set to default 

values: density of 2,200 kg/m
3
, conductivity of 1.5 W/m-k, and specific heat of 900 J/kg-K. 

This rock type was then assigned to all the elements in the model, so all blocks have uniform 

permeability and porosity values. The model assumes that the permeability of the fault is the 

same as the permeability of the reservoir. However, in real geothermal systems, the 

permeability of the fault is likely to be different from that of the reservoir. This difference in 

permeability can make the fault either a conduit or barrier to the fluid (Rivera & Dempsey, 

2017). This model in which the reservoir permeability is equal to the fault permeability is 

chiefly used for the one-parameter estimation model. A two-parameter model, where an 

additional rock type is created and assigned to the block traversed by the fault, will be 

discussed in the next chapter.  

A generator (GENER) injecting 50
o
C fluid at a constant rate of 1.0 kg/s is placed at the 

bottom left corner of the grid to represent fluid injection from the well. The initial pressure 

and temperature set in the model are 0.1 MPa and 50
o
C respectively. The initial pressure is 

very low compared to what is observed in real geothermal fields, but for the synthetic model, 
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this is already sufficient as the study focuses on fluid pressure changes. The initial 

temperature of the reservoir is the same as the injection temperature to eliminate thermal 

effects in the simulation and focus only on fluid pressure effects. 

The model was run using AUTOUGH2 using the default EOS (Equation of State) of “EW”, 

which corresponds to EOS1 (water, water with tracer) of TOUGH2. The end time was set to 

5 years and the time step was fixed to be one month. Table 1 summarises all of the pertinent 

input parameters used in the simulation. 

Input Parameters Values 

Reservoir and Fault Permeability (m
2
) 1x10

-13
 

Porosity 0.20 

Injection rate (kg/s) 1.0 

Injection Temperature (
o
C) 50 

Run end time (yrs) 5 

Table 1: TOUGH2 Input data for the synthetic model 

 

2.1.3 Simulated Pressure Output 

After starting the simulation, an output file is created. The file is continuously updated as the 

simulation progresses. After the simulation, the output is extracted from the listing file 

generated from the simulation. A listing file is a text file generated after running 

AUTOUGH2 simulation that contains tables of results which include reservoir properties of 

each block or elements (e.g., pressure, temperature), flows between blocks, and flows at the 

generators in the model (Croucher, 2016). This output is written at each time step or at 

selected time steps specified in the simulation.  

The output in the listing file was extracted and analysed using the “t2listing” library of 

PyTOUGH. Figure 4 shows the pressure change in the reservoir at the end of 5 years and the 

spatiotemporal pressure change along the fault. As seen in Figure 4a, the pressure change is 

highest in the area near the injection well and decreases moving away from the injection well. 

In Figure 4b, it can be observed that at a given distance from the injection well, the pressure 

increases logarithmically in earlier time due to 2-dimensional nature of the fluid flow and 

stabilises at the later time due to the imposed open boundary condition (Rivera & Dempsey, 

2017). The pressure change at each point equidistant to the injection well is uniform because 
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the permeability of the fault is the same as of the reservoir, and there is a single point source 

of injection driving flow. A different pressure response is expected within the reservoir once 

a different permeability is assigned to the fault. Varying the number of injection wells in the 

model, location of the injection point (including depth of injection), and assigning different 

permeability and location of the fault affects the pressure response. 

 

(a) 

 

(b) 

 

Figure 4. (a) Pressure change through the fault and the reservoir after five yrs. (b) Spatiotemporal 

pressure change in the fault (open boundary) 

 

Injection Well

Pressure, MPa
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The pressure output from the AUTOUGH2 simulation was used to estimate the number of 

seismic events triggered in the fault. The location and the length of the fault are essential in 

estimating the pressure change along the fault. The model assumes that a fault is a line 

segment present on the reservoir as shown in Figure 4a. Table 2 summarises the fault 

parameters used in the model. The pressure change within the fault was interpolated using the 

multivariate data interpolation or “griddata” function of Python SciPy library (SciPy.org, 

2016). It performs nearest neighbour interpolation method for unstructured D-dimensional 

data. This study uses two-dimensional data to interpolate the pressure along the fault. The 

pressure at each block was obtained from the listing file of the completed AUTOUGH2 run 

with each pressure value assigned to the coordinates of the corresponding block centres. The 

fault was divided into equal segments of size x, and the coordinates of each point were 

computed from the fault parameters shown in Table 2. The coordinates of the fault segments 

were then used to interpolate the pressure at each segment of the fault. The procedure was 

done for each time step of the simulation to generate a pressure array for all the fault 

segments over time. This array was used to generate the average spatiotemporal seismicity 

rate of the fault. 

Fault Parameters Values 

Fault Length (m) 1,000 

Fault Azimuth 45
o
 

Distance from the injection (m) 500 

Angle of Fault from Injection 45
o
 

Table 2: Fault parameters of the synthetic model 

 

2.2. Earthquake Simulation 

In this study, earthquake simulation pertains to the simulation done to estimate the occurrence 

of seismic events, the migration of these events, and the spatiotemporal seismicity rate based 

on the pressure changes within the active fault zone. The Coulomb failure model was used to 

evaluate the stress changes in the fault, which promote rock failure and trigger a small 

earthquake. The Coulomb failure model has been a robust tool for modelling fault interaction 

and earthquake triggering (Catalli, Cocco, Console, & Chiaraluce, 2008). The simulation also 

estimates the uncertainty on the total number of events occurring at a given period using the 

Poisson model, which has been widely used in stochastic earthquake occurrence models 



Chapter 2. Induced Seismicity Model 

19 
 

(Greenhough & Main, 2008; Anagnos & Kiremedjian, 1988). The Poisson model was used to 

generate synthetic microearthquake data to represent random earthquake occurrences of the 

fault in the model. 

2.2.1 Seismicity Rate 

The seismicity rate is estimated based on the pressure evolution of the major fault which 

affects the shear strength of the formation. Shear strength is the maximum shear stress the 

formation can handle before it results in an unstable slip which could potentially trigger an 

earthquake. In induced seismicity, the shear strength (  ) changes depend on the fluid 

pressure in the fault. This relationship is described by the modified Mohr-Coulomb criterion 

equation given by: 

                                                                                                                        

where: 

                       

                            

                  

                 

As seen in the equation, pressure build-up decreases the shear strength of the fault thus 

promoting failure which in turn triggers a small earthquake. Change in normal stress (  ) 

across the fault may also trigger earthquakes. For example, quarrying, mining, or fluid 

extraction reduces the stress over the fault or on the surrounding rocks that keeps the fault 

intact. However, change in normal stress and shear stress affecting the fault was neglected in 

this study to focus more on the effect of fluid overpressure on rock failure. 

The relationship between shear stress and shear strength provides information on seismicity 

(Rivera & Dempsey, 2017). Figure 5 shows a simple diagram of how fluid injection induces 

seismic events over time. The diagram assumes that the fault has an initial shear stress   and 

shear strength   . It is also assumed that there are no other time-varying forces acting on the 

fault (or forces are negligible), thus   is constant over time. A fault is considered stable and 

will not trigger an earthquake if the shear stress acting on the fault is less than its shear 

strength (    ). As the fluid is injected into the reservoir, pressure builds up in the fault 

which causes a decrease in shear strength (  ) of the fault. If the shear strength is at the limit 

of failure, in which     , an earthquake is triggered. The pressure required to trigger the 
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first earthquake in the fault is called the critical pressure       ) of the fault. After the seismic 

event, the shear stress drops to a point where the force in the fault does not cause any 

slippage or motion. As the fluid is continuously injected into the reservoir, the shear strength 

continues to decrease thus seismicity continues to occur. 

 

Figure 5. Diagram of induced seismicity from fluid injection 

 

Before computing the seismicity rate of the fault, the average number of events (N) triggered 

within the fault length (L) at a given time (t) is computed first, using the following equation 

(Dempsey & Suckale, 2017).  

                                                                   

 

 

 

 

                                 

The   in equation 2 is a constant of proportionality that accounts for other relationships 

between stress and microseismicity. This constant can also be used as a parameter to scale the 

integrated seismicity rate to choose the total number of earthquakes that are modelled (Rivera 

& Dempsey, 2017). The first part of the equation shows the difference in the spatiotemporal 

stress and the strength evolution along the fault which are given by: 
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where      is the Heaviside step function. The second part of the equation     is the Dirac 

delta function, which serves as a “switch” that makes the equation equal to zero (no 

earthquakes triggered) when the shear stress is not equal to the shear strength.  The delta 

function has the following properties: 

                           
     
      

                                                                             
 

  

 

Given the relationship between the shear strength and pressure as shown in equation 1, the 

number of events is computed based on the change in pressure in the fault in relation to its 

critical pressure.  

In this study, the fault was discretised into 200 equal segments (x), and the pressure in each 

segment was computed using multivariate interpolation method. The pressure was plotted 

against fault distance and the number of events at a given time      is calculated by getting 

the area under the curve of the pressure over fault distance plot. In this study, the critical 

pressure was set to 0 MPa so that any pressure change in the fault induces seismic event. 

Figure 6 shows the pressure vs. fault distance at the end time of 5 years. The integration was 

performed for every time step of the simulation to generate the plot of average total number 

of events versus time (Figure 7). 



Figure 6. Pressure vs Fault distance at time = 5yrs. 
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Figure 7. Average total seismicity generated on the fault over time 

 

The seismicity rate of the fault is the number of seismic events triggered at a given time 

interval over time. It is defined as            and is given by (Dempsey & Suckale, 

2017): 

                 

 

 

            

    
   

  
  

  

 
          

    

  
      (6) 

 

To simplify, the derivative of equation 2 at a given time interval generates the seismicity rate 

of the fault. Figure 8 shows the average seismicity rate of the fault over time based on the 

simulation. The sharp increase in the seismicity rate corresponds to the abrupt increase in the 

number of seismic events triggered at an earlier time. The rate decreases and remains 

constant which corresponds to the stabilization of pressure along the fault through time. 



Chapter 2. Induced Seismicity Model 

23 
 

 

Figure 8. Seismicity rate of the fault (number of event per day) over time 

 

Sensitivity analysis was performed to examine the correlation of the computed average 

seismicity rate with the reservoir and fault parameters in the simulation. The critical pressure, 

permeability, porosity, rate of fluid injection, fault length and fault location with respect to 

the injected fluid all influence the pressure evolution within the fault zone, and so affect the 

behaviour of the seismicity rate. Sensitivity analysis was done by adjusting the parameter to 

be analysed while keeping the other parameters constant. Figure 9 shows the plots of the 

average seismicity rate against the parameters inputted in the model. 

The seismicity rate varies inversely with the critical pressure hence higher critical pressure 

leads to minor seismic events triggered. A fault with low critical pressure experiences 

ruptures even at a small pressure change which in turn, increases the number of earthquakes 

at a given period. On the other hand, a fault zone with high critical pressure needs higher 

fluid pore pressure to rupture the fault which in turn gives a lower seismicity rate.  
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Figure 9. Sensitivity analysis of seismicity with respect to different reservoir and fault parameters 

 

For fluid injection rate, an increase in injection rate leads to an increase in fluid pore pressure 

in the fault. Increase in pressure build-up rate results in more noticeable shear strength 

decline thus the rate of earthquake triggering also increases. This behaviour is evident only 

after the injection pressure reaches the critical pressure of the fault since no earthquakes are 

triggered before reaching its critical pressure even if the fluid pressure increases. 

The figure also shows that the seismicity rate has a negative correlation with the porosity of 

the fault. Increasing the porosity of the fault means increasing the void spaces within the 

rocks which makes the pressure build-up along the fault slower as these spaces capture the 

injected fluids. The creation of pores or the presence of more pores in the fault reduces the 

pore fluid pressure which tends to retard the occurrences of seismic events (Yamashita, 

1999). 

Similar to porosity, permeability also has a negative correlation with seismicity rate based on 

the simulation, which is in contrast with the knowledge that seismicity occurs in a more 

permeable area. If the injection triggers seismicity, it is evident that the fluid gained access to 

the fault. This connection between the fluid source and the fault increases fluid pressure 

within the fracture which leads to induced seismic events (Tsang & Apps, 2005). One of the 
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constraints of this model is it assumes that the permeability of the fault is the same of the 

reservoir; hence, the simulated pressure change is uniform across the reservoir, and there is 

no preferential fluid flow through the fault. In the simulation of a low permeability reservoir, 

the fluid cannot easily penetrate through the tight formation, which is why the pressure build-

up is higher at any given time as compared to a high permeability reservoir. Since the 

seismicity rate is computed based on the pressure difference across the fault with respect to 

the critical pressure and considering that the critical pressure of the whole reservoir is the 

same, the computed seismicity rate for a lower permeability model is higher than that of 

higher permeability. In reality, seismic events are expected to occur in the area of the 

reservoir with higher permeability as the permeable region serves as the major conduit of 

fluid. This leads to an increase in fluid pressure within the conduit, which causes rock failure. 

Also, the permeability of the formation decreases when the normal stress applied to the 

formation increases during the case that differential stress is not large enough to cause shear 

dilation (Min, Rutqvist, Tsang, & Lanru, 2004). Massive pressure should be applied to a tight 

formation to trigger an earthquake to compensate with the normal force acting, and this 

model does not capture this relationship. 

The location and the length of the fault also dictate the rate of seismic events in the fault. As 

the fault moves away from the injection well, the pressure dissipates before reaching the 

fault. This, in turn, results in smaller pressure changes in the fault and thus less seismic 

events triggered. Conversely, the length of the fault leads to an increase in seismicity rate as 

there is a larger zone in which the occurrence of seismic events is computed. As seen in 

equation 2, the number of events is integrated over the length of the fault thus a longer fault 

gives a higher number of seismic events. However, this still depends on the critical pressure 

of the fault since this dictates the triggering of earthquakes along the fault.  Any increase in 

the fault length will not affect the seismicity rate if the critical pressure of the fault is higher 

than the pressure change along the fault extension because even if the fluid flows through the 

fault extension, the pressure change is not enough to trigger a seismic event. Figure 10 shows 

a plot of pressure over fault distance with the critical pressure of 7.0 MPa. The plot shows 

that earthquake is triggered only until 500 m of the fault (represented by the grey area), and 

increasing the length of the fault does not affect the computed average number of events 

within the fault.   
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Figure 10. Pressure under the curve at time = 5yrs with critical pressure of 7.0 MPa. 

 

2.2.2 Poisson Model 

It is accepted that the occurrence of an earthquake cannot be predicted ahead of time given 

the current technology. The limitation in the understanding of the stress changes and rock 

characteristics provides an element of randomness to the timing of occurrence and the 

location of the hypocenters of the seismic events. In any seismic region, the location of the 

hypocenters is scattered around the area of a fault zone or area with tectonic features. The 

inability of the existing technology to comprehend the heterogeneous environment 

underneath the surface of the Earth leads to the assumption of the randomness of earthquakes. 

Based on the study of Anagnos and Kiremidjian (1988), earthquakes are assumed “to form a 

stochastically independent sequence of events in time and space” which satisfies the Poisson 

point process.  

The uncertainty in the earthquake triggering can be described by the Poisson point process 

because it satisfies the statistical model conditions. First, each seismic event is one of the two 

distinct outcomes, either triggered or not triggered, that can occur at random. Earthquake 

occurrence is known to be random, and each occurrence is counted as one event. Whether it 

is a large or a small earthquake, it is considered as one event. The magnitude does not affect 

how an earthquake event is counted. Second, there should exist an average number of events 

at a given time interval which follows the stationary process. The number of events occurring 

at any time interval,   with average seismicity rate   has a Poisson distribution of   . Third, 
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the occurrence of each event should be independent of each other. In this model, the 

earthquakes triggered in a given time interval is assumed to be independent of each other and 

does not affect the occurrence of other earthquakes. The probability of an event occurring 

given that another event occurs is the same as the probability of only one event occurring. 

However, in general, most of the smaller earthquakes triggered within a given region are 

considered aftershocks which are triggered from the occurrence of larger earthquakes. Since 

the study focuses on the relationship of the microseismicity with the fluid overpressure, it is 

assumed that the occurrence of seismic events of each earthquake is solely due to pressure 

changes on the fault and is not affected by the energy transfer or from the stress propagation 

due to the previous earthquake.  The Poisson point distribution describing the probability, 

       of   events occurring at a given seismicity rate   in any length of interval  , is defined 

by this equation (Papoulis, 1991): 

 

                                                         
         

  
                                                                             

 

The induced earthquake triggering in this study follows a nonhomogeneous Poisson point 

process in which the average seismicity rate   differs across each time interval, but is 

constant within that interval, and each interval has a different seismicity rate that is constant 

within that interval. While the average seismicity rate of the fault at a given time interval 

gives a picture of many events are likely to happen at that time interval, the actual number of 

events may not be exactly equal to the seismicity rate of the fault integrated over that interval. 

As an example, Table 3 shows the number of earthquakes that occurred in New Zealand from 

1975 to 1985 as presented in the earthquake statistics records of GeoNet project (2017). The 

annual average frequency of earthquakes with magnitude 5.0 - 5.9 is about 27 events based 

on the long-term statistical records from 1960 to 2016 (GeoNet, 2017). As seen in the table, 

there are years in which the number of events is equal to the seismicity rate, but mostly, the 

number of events happened every year is greater than or less than the stated rate. This 

behaviour is also observed in this study wherein the generated number of events at a given 

time interval is different for every simulation. Collectively, there is no single set of 

microearthquake data that represents the computed average seismicity rate of the fault over 

time. Each simulation run generates a different set of microearthquake data. Figure 11 shows 
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two different sets of MEQ data generated from the computed seismicity rate of the fault. 

These two sets of data are different from each other. However, both still derive from the same 

seismicity rate. This information has been considered primarily during the inverse modelling 

in which estimating the permeability of the fault is presented as a probability distribution with 

likelihood values assigned for each permeability instead of obtaining a single permeability 

value that corresponds to the computed seismicity rate.  

Year 
Number of events of 

magnitude 5.0-5.9 

1975 22 

1976 27 

1977 23 

1978 6 

1979 27 

1980 20 

1981 18 

1982 14 

1983 15 

1984 44 

1985 49 
Table 3: Number of earthquakes in New Zealand region from 1975-1985 of magnitude 5.0-5.9 (Source: 

GeoNet.org.nz) 
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Figure 11. Two different seismic datasets generated using Poisson distribution of same seismicity rate 
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Chapter 3. Model Calibration and Inverse Modelling 

A model is a simplified representation of a real system. The model aids in understanding the 

physical processes in a reservoir. The real system is represented by data measured directly 

from the field. Calibration is the process of improving the match between a model and the 

actual data. The success of calibration depends in part on how closely the results of the 

simulation (which depend on the input reservoir parameters, e.g., porosity, permeability) 

match the measured data. Once a model is a suitable representation of the reservoir, it can be 

used in forecasting future responses.  

Calibration of a reservoir model can be done by manually adjusting the reservoir parameters 

of each grid block to manipulate fluid and heat flow so as to match pressure and temperature 

data. This trial-and-error method is impractical for large reservoir models as it takes too long 

to achieve a satisfactory calibration. It is also subject to “modeller’s biases” as it is difficult to 

determine which part of the model should be adjusted to improve the match (O' Sullivan, 

Pruess, & Lippmann, 2001). Some models are designed to be small with a coarse grid to 

compensate for computing power and memory limitations. Model calibration can be 

improved through the integration of inverse modelling techniques. Inverse modelling is a 

technique used to estimate reservoir properties by automatically matching the output of a 

numerical model to measured data (Finsterle & Pruess, 1999). It provides the set of 

parameters that best represent the model to replicate the observed behaviour which as a 

result, produces reliable predictions (Finsterle, Pruess, & O' Sullivan, 1997). This automated 

technique is performed to streamline the model calibration process and build more reliable 

models by diminishing subjective biases (O' Sullivan, Pruess, & Lippmann, 2001). Most 

common tools used in the geothermal reservoir calibration nowadays are iTOUGH2 

(Finsterle, et al., 2017), PEST (Doherty, 2010), UCODE (Poeter & Hill, 1999), and 

DAKOTA (Adams, et al., 2016). 

This chapter focuses on the calibration process of a model using a synthetic data set, the 

model setup for parameter estimation, and the result of the synthetic inversion. Calibration 

was performed to match a simulated seismicity rate to a synthetic MEQ dataset generated 

from a model with known parameters. Inverse modelling is performed, which involves many 

forward model runs, to estimate the permeability of a reservoir and a fault. The parameter 

estimation presented in this study uses Python scripts which use a log-likelihood expression 

for non-homogeneous Poisson process (NHPP) in scoring the probability of each sample, and 



Chapter 3. Model Calibration and Inverse Modelling 

31 
 

Markov Chain Monte Carlo (MCMC) as a sampling method. This chapter explores both one-

parameter and two-parameter estimations, sensitivity analysis of the probability distribution 

using different MEQ data for calibration, the effect of using different priors and effect of 

uncertainty in other reservoir parameters (e.g., porosity). 

3.1. Synthetic MEQ Data Preparation 

The data used for inverse modelling comes from a forward run of the model developed in the 

previous chapter. From the computed average seismicity rate over time, synthetic MEQ data 

are generated using the discrete Poisson distribution as described in Equation 7. Figure 12 

shows the plot of MEQ data used in the calibration which is tantamount to about 7,000 

MEQs. For consistency, all of the calibrations performed in this chapter use this MEQ 

dataset, except for a two-parameter model discussed in a later section.  A text file is created 

from the plot of MEQ data which consists of the time occurrences of each MEQ. The 

occurrence times will be used to compute the likelihood of each seismicity rate model 

generated during the inversion process. The computation will be presented in the next 

section. Figure 13 shows the sample data from the text file. 

 

Figure 12. MEQ data used in model calibration 
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Figure 13. MEQ data occurrence times (in years) 

 

3.2. Calibration Process 

Calibration using the synthetic MEQ data was performed by adjusting the permeability value 

of the reservoir and the fault to match approximately the occurrence times of earthquakes. 

This was done by running several forward models to generate a probability distribution of the 

permeability. Due to the uncertainty in earthquake triggering, no single reservoir parameter 

set corresponds exactly to the generated MEQ data. 

A preliminary numerical reservoir model was developed for use in inverse modelling with an 

initial structure consistent with the conceptual model of the system. Input parameters, which 

include the model grid and reservoir parameters, were then developed for use in the 

simulation. The inversion was given an initial “guess” permeability value while keeping other 

parameters constant at their actual values. The simulation was performed using TOUGH2 to 

generate the pressure output over time along the fault. The pressure output was then used to 

calculate the average seismicity rate of the fault. The seismicity rate was compared to the 

…
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synthetic microearthquake data and was scored using log-likelihood distribution (LLK) for 

non-homogeneous Poisson Process given by (Lindqvist & Taraldsen, 2013): 

                                                   

 

   

               

  

 

                                                 

In this equation,   is the parameter value in the seismicity rate model   being estimated and 

constrained, which for this study is the permeability of the fault. The first part of the equation 

computes the sum of the seismicity rates at each time occurrences    of the MEQ data. The 

second part is computed by getting the area under the curve of the generated seismicity rate. 

This statistical method is used extensively as a model for events occurring in time  (Dempsey 

& Suckale, 2017). The MEQ data is compared to the seismicity rates generated from different 

models with varying permeability values; then all LLK values are plotted to generate a 

likelihood distribution, and this summarizes the estimated permeability of the fault in a 

probabilistic sense. 

All of these steps are arranged inside a probability function that will be used in parameter 

estimation. This study deals with the calibration of permeability within the bounded values 

10
-10

 to 10
-16

, thus for simplicity, the sampling of permeability values is performed in log 

space. The value is returned to real space when it is used in a TOUGH2 simulation. It is 

transformed back to log space after the simulation for the next sampling. This way, the 

function prevents negative permeability values being passed and causing problems in 

TOUGH2 simulation, especially when using a sampling method in which the values used are 

independent of the initial range of values. In case the guess permeability does not reach the 

run end time of the simulation, the function immediately assigns its LLK value to a very 

small number to remove the corresponding permeability value in the parameter space. Also, 

the probability function captures calculation errors that arise when the value of the log part of 

the equation is equal to zero (since log (0) is undefined) by assigning a very small value to 

prevent the unexpected termination of the simulation. 

3.3. Parameter Estimation using Markov Chain Monte Carlo (MCMC) 

Initially, a range of permeability values is assigned during the inversion process, and some 

samples are selected within this range and used as “guess” permeability for each simulation. 

Simulation can be done using a brute force “grid search” in which all combinations of the set 
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of assigned parameter values are performed, and increasing the sample size creates a better 

resolution of the probability distribution. However, this process is computationally expensive 

and time-consuming especially if dealing with multi-parameter models. Thus, this study 

implements a better sampling method with the use of Markov Chain Monte Carlo (MCMC) 

method. 

MCMC is a computer-driven sampling method which is a combination of Monte Carlo 

method and Markov Chain property. Monte Carlo obtains numerical results and estimates 

distribution properties by repeated random sampling from the distribution. The Markov Chain 

property is integrated into MCMC to include a unique sequential process in which the results 

of each random sample are used to generate the next random sample, thus creating a “chain” 

(van Ravenzwaaij, Cassey, & Brown, 2016). MCMC is useful in probabilistic data analysis, 

especially in Bayesian inference, and several studies have applied the MCMC method to 

calibrate models of earthquakes and seismicity (Debski, 2008; Stuart, Yang, Minkoff, & 

Pereira, 2016; Dempsey & Suckale, 2017).  

This study applies MCMC sampling method using Python module called “emcee” developed 

by Foreman-Mackey, Hogg, Lang, & Goodman (2013). The study uses the 

“EnsembleSampler” object which is the generalised ensemble sample wherein the number of 

dimensions, the probability function, and the number of walkers are the inputs. “Walkers” are 

members of the ensemble which are considered as a separate set of chains whose prior 

distribution still depends on the positions of the other walkers in the ensemble (Foreman-

Mackey, 2017). These walkers can reduce the number of iterations needed in the simulation 

by providing more sample chains which aid in achieving convergence at an earlier time. The 

algorithm of MCMC in its most general term is to draw samples from the posterior 

probability density function, use these samples to generate a new posterior then compare the 

latest posterior to the previous posterior. If the new value is accepted, it is used for the next 

iteration. If the value is rejected, it retains the last value. The sampling continues until it 

converges to a stationary set of samples from the distribution (Foreman-Mackey, Hogg, 

Lang, & Goodman, 2013; van Ravenzwaaij, Cassey, & Brown, 2016). MCMC is considered 

a better sampling method than a grid search method as it reduces the computational expense, 

especially for a multi-dimensional probability distribution, since a smaller number of 

iterations are necessary to attain the likelihood distribution with the same level of accuracy 

(Foreman-Mackey, Hogg, Lang, & Goodman, 2013). Unlike a grid search method, which 
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converges if the sample space contains the expected solution, MCMC “walks” out of the 

initial set of values to converge with the possible solution of the parameter estimation. 

MCMC, though considered as a convenient tool in parameter estimation, also has limitations. 

Most of the time during the parameter estimation, the initial guesses are incorrect and do not 

represent the target distribution which raises issues with convergence and burn-in. Burn-in is 

the discarded initial sample values due to the uncertainty in initial guess sample (Brooks, 

Gelman, Jones, & Meng, 2011). The farther the initial values are from the target distribution, 

the longer it takes to reach convergence. There is no standard number of iterations that need 

to be rejected as burn-in to get the best possible distribution. Thus it is essential that burn-in 

and convergence should be determined after the sampling and after observing the chains (van 

Ravenzwaaij, Cassey, & Brown, 2016). The discussion on convergence and burn-in 

assessment is presented in a later section. Also, the performance of the sampler is affected by 

the width of the prior distribution which serves as a “tuning parameter”. The width of the 

tuning parameter dictates the number of iterations needed before it reaches convergence. 

Assigning a wider range of parameter values leads to more iterations before it reaches the 

stationary set of distribution and has a higher chance of encountering a problem with 

convergence. However, narrowing the tuning parameter to a certain range of values might run 

the risk of being stuck on parameter values that have higher likelihood compared to other 

neighbouring values which would result in a poorly estimated target distribution (van 

Ravenzwaaij, Cassey, & Brown, 2016). The effect of this “informative” prior is also 

discussed in the later section. 

3.3.1 One-Parameter Estimation Model and Result 

This section presents the model and results for a one-parameter estimation. It uses the same 

model grid and input parameters of the synthetic model developed in the previous chapter. 

The inversion is performed using Python “emcee” module with a one-dimensional vector as 

the permeability of the fault is assumed to be the same as the reservoir. This inversion assigns 

ten walkers whose initial values range from 10
-11

 m
2
 to 10

-14
 m

2,
 and the prior assumes a 

uniform distribution. The basis of the assumption on the lower and upper bounds of the 

permeability is on the basic knowledge of permeability values of a geothermal reservoir. The 

value of the bulk permeability for a natural geothermal system typically lies between the 

range of 10
-14

 to 10
-13

 m
2
 (Wallis, Moon, Clearwater, Azwar, & Barnes, 2015). The 

simulation is set to run up to 1,000 iterations or until convergence is achieved.  
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There are many methods to assess convergence (Cowles & Carlin, 1996; Gelman, Brooks, 

Jones, & Meng, 2011), but for simplicity, convergence here is determined by plotting the 

time series of the parameters and qualitatively checking there are no changes in the spread of 

the values. Figure 14 plots the position of the walkers in each chain.  The figure shows the 

starting point of each walker and how these values “walk” to the expected permeability value 

thus creating a chain. The grey line represents the permeability value used in generating the 

synthetic MEQ data. After 50 iterations, the values of the walkers do not significantly change 

which implies that they have reached convergence. For this case, convergence is near the 

actual value. As additional iterations will not affect the estimation of the posterior, the 

inversion is terminated before reaching 1,000 iterations. Given this, the first 50 iterations are 

considered as burn-ins and are discarded in plotting the probability distribution. 

 

Figure 14. Movement of walkers over number of iterations in MCMC 

 

Figure 15 shows the result of the inversion presented as a likelihood distribution. As seen in 

the plot, the permeability of 1x10
-13

 m
2
 used in the synthetic reservoir model occurs within 

the range of the posterior which implies confidence in our ability to obtain a well-calibrated 

model. Also, it can be observed that the width of the probability distribution is quite tight 

implying low uncertainty in the estimation of the permeability. Note that the calibration uses 

about 7,000 MEQ data – a large number - which may be one of the reasons for the very 

narrow likelihood distribution. 
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Figure 15. Likelihood distribution of one parameter estimation using MCMC 

 

The figure above is presented by removing the first 50 iterations considered as burn-in 

values. Burn-in assessment is standard practice in MCMC by discarding the values from the 

initial samples as they are strongly influenced by the values at the starting point and do not 

provide information about the target distribution (Gelman, Brooks, Jones, & Meng, 2011). 

There is no exact number of iterations that have to be removed to get the best likelihood 

distribution as it is subject to modeller’s bias and approximation but it is safe to remove 

iterations that are outside the range of converging values. Figure 16 shows how the likelihood 

distribution changes based on burn-ins or number of iterations discarded in the simulation. In 

this study, burn-in has a minimal effect on the likelihood distribution since it already reaches 

convergence at an early stage of the simulation. However, for extreme cases, discarding burn-

ins in the simulation assists in providing better target distribution and in achieving 

convergence faster. Discarding initial values to get a good representation of the likelihood 

distribution is better than running numerous iterations to disregard the effect of the initial 

values as this is very time-consuming. Checking how the distribution changes and how the 

walkers move through the chain should go hand in hand in attaining accurate result and 

efficient inversion. 
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Figure 16. Likelihood distribution after removing the burn-ins  

 

3.3.2 Sensitivity Analysis: Effect of Variation in MEQ Data 

Calibration depends critically on the quality and amount of data available. This section 

discusses the effect of the amount of MEQ data used in the calibration in estimating the 

permeability of the fault. The sensitivity analysis considers two common cases when 

measuring seismic events in the field – variation of MEQ data based on the length of seismic 

monitoring and variation of MEQ data based on the sensitivity of seismic network/ 

instrument used. 

Seismic monitoring has been widely used in geothermal systems. In New Zealand, five 

geothermal fields are operating microseismic networks – Wairakei-Tauhara, Kawerau, 

Rotokawa, Ngatamariki, and Mokai. The purpose of seismic monitoring is to define probable 

mechanisms, to identify fractured zones for production and reinjection strategies, and to 

check and mitigate seismic hazards due to fluid injection (Sherburn, Bromley, Bannister, 

Sewell, & Bourguignon, 2015). However, similar to other measured data, recording seismic 

events cannot be perfectly done. Measuring the full seismicity of a region can take a while, 

and most of the time, the data is already needed to update the model and create different 

forecasts. Besides, more extensive seismic monitoring might not be cost-effective. The length 

of seismic monitoring affects most fields that have just started recording seismic events. 

Other geothermal fields acknowledged the advantage of having permanent seismic 
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monitoring networks. However, acquisition of seismic networks and installation can be 

expensive especially if it monitors a very large area. It becomes one of the limitations in 

recording earthquake swarm within the region. Also, some seismic networks are not sensitive 

enough to record small magnitude events which can also affect the calibration of a model. 

Figure 17 presents the effect of the duration of seismic monitoring in the estimation of the 

permeability. Calibration is done by using MEQs occurring in one month, six months, and 

two years duration which is trimmed from the synthetic MEQ dataset. As seen in the plot, the 

model with fewer MEQ data used in calibration has a broader probability distribution, 

reflecting more considerable uncertainty in the estimation of the reservoir permeability. Also, 

the plot is shifted away from the real value which makes the estimate less accurate. A more 

extended duration of seismic monitoring narrows the likelihood distribution, and the actual 

permeability value lies within the range of most likely values, therefore yielding a more 

reliable model. It can be noted that there is only a small difference in the distribution of 2 

years compared to 5 years worth of data since only a few seismic events are added between 

these times given that most of the seismic events occur in the earlier time. It is essential that 

the length of seismic monitoring capture most of the occurrence of the earthquakes by 

considering the time injection history and noting significant changes in the fluid injection of 

the field. In this study, the fluid is injected at constant rate thus most of the events occur at 

the earlier time of the simulation and fewer events at the later time since the pressure change 

become small as a steady state is reached.  

 

Figure 17. Effect of duration of seismic monitoring in likelihood distribution 
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On the other hand, Figure 18 presents the effect of the sensitivity of seismic networks in the 

estimation of the permeability. From the synthetic MEQ data with a fixed duration of 5 years, 

seismic events are randomly selected to create datasets consisting of 70 and 700 events. 

These datasets are then used to calibrate the model. Similar to the previous result, the fewer 

MEQ dataset has a broader likelihood distribution compared to other distributions as 

observed in the plot because there is a broader range of permeability values that possibly 

match the MEQ data. As the number of seismic events increases, the likelihood distribution 

becomes narrow which increases the probability of attaining a well-calibrated model. Also, 

there is a degree of arbitrariness due to the random nature of events. A different set of 70 

events, drawn from the same underlying earthquake data, yields a different likelihood 

distribution which shows more significant uncertainty in the estimation.  

 

Figure 18. Effect of the sensitivity of seismic networks in likelihood distribution. 

 

Gathering more data by either extending the duration of seismic monitoring, installing 

additional sensors in the seismic network or acquiring state-of-the-art instruments that can 

measure earthquakes of smaller magnitude, can dramatically increases the reliability and 

accuracy of model calibration. However, balancing the economic advantage of additional 

data to aid model calibration and subsequent decision-making against the costs of acquiring 

those data is an essential consideration. Furthermore, this study assumes that all 7,000 MEQs 

are main earthquakes triggered solely by fluid overpressure thus all data used in the 
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calibration is valid. In reality, some earthquakes are likely to be aftershocks of earlier induced 

events, and these should be removed before model calibration. Removing the aftershocks 

lessens the number of MEQ data that can be used in the calibration, resulting in a broader 

likelihood distribution than the result presented. This study does not consider the effect of 

earthquake declustering (aftershocks) on likelihood distribution. 

3.3.3 Two-Parameter Estimation Model and Result 

This section discusses the synthetic inversion for estimating two reservoir parameters – 

reservoir permeability and fault permeability. It follows the same conceptual model discussed 

in the previous chapter, and it also performs the same calibration process except that it 

estimates two parameters simultaneously. The model in this section still assumes an injection 

well at the centre of the grid with fluid injecting at a constant rate, and a fault present within 

the reservoir. Since there is a distinct value for reservoir and fault permeability, the pressure 

change in the reservoir is expected to be non-uniform as fluid flows radially in x- and y- 

directions. Thus, this section considers a different numerical model grid. Figure 19a shows 

the new grid used in this model, with the fault located on the right of the injection well. Given 

this setup, only the upper half of the grid is considered in the model since it is symmetrical in 

the x-axis with fluid flowing radially from the centre of the grid (Figure 19b). 

 

Figure 19. (a) Modified grid for the two-parameter model; (b) upper half of the grid used in the 

simulation. 

 

(a) (b)

Injection Well --- fault
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TOUGH2 simulation is performed with an end time of 5 years and time steps at every quarter 

of a year. The input parameters used in the model are similar to the synthetic model with an 

additional rock type assigned to all elements traversed by the fault. The values of the input 

file in this simulation are presented in Table 4 while Table 5 provides the fault details. The 

permeability values of the reservoir and the fault are assumed to be equal to 1x10
-15

 m
2
 and 

1x10
-14

 m
2
 so that there is a clear distinction between the two for inverse modelling to 

discover. The injection rate is reduced to 0.05 kg/s to manage the pressure build-up in the 

simulation since there is a larger pressure change for the newly assigned permeability values. 

Initial conditions and default rock properties are otherwise the same as the previous model. 

Figure 20 shows the resulting pressure evolution in the reservoir which is used to compute 

the average seismicity rate based on the pressure changes within the fault. The seismicity rate 

is then used to generate the synthetic MEQ data Figure 21 which serves as the calibration 

data for inverse modelling. 

Input Parameters Values 

Reservoir Permeability (m
2
) 1x10

-15
 

Fault Permeability (m
2
) 1x10

-14
 

Porosity (reservoir and fault) 0.20 

Injection rate (kg/s) 0.05 

Injection Temperature (
o
C) 50 

Run end time (yrs) 10 

Table 4: TOUGH2 Input data for the modified synthetic model 

 

Fault Parameters Values 

Fault Length (m) 2000 

Fault Azimuth 90
o
 

Distance from the injection (m) 1,000 

Angle of Fault from Injection (from north) 90
o
 

Table 5: Fault parameters of the modified synthetic model 

 



Chapter 3. Model Calibration and Inverse Modelling 

43 
 

 

Figure 20. Pressure change through the fault and the reservoir after five yrs for the modified model 

 

 

Figure 21. Synthetic MEQ data for the modified synthetic model for two parameter estimation 

 

Similar to the one-parameter estimation, this inversion uses the Python “emcee” module with 

two-dimensional vectors representing the reservoir and fault permeability, respectively. The 

simulation uses ten walkers and is set to run for 1,000 iterations or until it reaches 

convergence. The initial values for each walker range from 10
-14

 to 10
-16

 m
2
 for reservoir 

permeability and from 10
-13

 to 10
-15 

m
2
 for fault permeability (Wallis, Moon, Clearwater, 

Azwar, & Barnes, 2015) and these priors assume a uniform distribution. A corner plot using 

Injection Well fault
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Python “corner” module, which shows the likelihood distribution of each parameter together 

with the contour plot of the two-dimensional vectors, is presented in Figure 22. 

 

Figure 22. Corner plot for the likelihood distribution of two-parameter model 

 

It can be observed from the plot that the correct permeability values used in the synthetic 

model (shown by the red marker) lie within the range of most likely values of permeability 

for both parameters which suggest a well-calibrated model. The likelihood distribution for 

reservoir permeability is very narrow which provides minimal uncertainty in the estimation of 

the permeability. One reason for this might be the number of MEQ catalogue used in the 

calibration. A large number of MEQ data used during calibration provides a better match 

between the model and the actual data. In addition to that, the model assumes that the fluid 

flows through the reservoir blocks before reaching the fault blocks. The estimation of the 

reservoir permeability has been entirely constrained by the inverse method since reservoir 

permeability controls the “delay” or “arrival” of earthquake triggering more than the rate of 

earthquake occurrence along the fault.  

On the other hand, the likelihood distribution of the fault permeability, as shown in the corner 

plot, has a wide range of most likely values which gives a more considerable uncertainty in 

the estimation of fault permeability. The average total number of seismic events is computed 

over the fault length regardless of the location of the microearthquakes in the fault which 
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might contribute to the difficulty of estimating the permeability of the fault. Increasing the 

fault length also increases the occurrence of random earthquakes thus adding more 

uncertainty in the estimation. The inverse method cannot restrict the fault permeability value 

since more realisations match the pressure change along the fault.  

Limiting the number of earthquakes calibrated in a given fault length improves the likelihood 

distribution which can be done by discretising the fault into smaller segments and performing 

inversion at each segment. Additional simulations using MCMC were performed using the 

model presented in this section to demonstrate the effect of a discretised fault in the 

inversion. A single forward model run is performed using fixed permeability values. The 

fault is then divided into 16 equal segments, and the seismicity rate on each segment is 

computed based on the pressure output from the simulation. Each fault segment is calibrated 

by comparing the generated seismicity rate at each segment with the MEQ data that occurred 

on that segment. The log likelihood values for each segment are then summed for a total log 

likelihood for the simulation. The inversion is run to 1,000 iterations or until convergence is 

achieved to generate a likelihood distribution of permeability. The inversion is also 

performed using 8, 4, and 2 equal segments for the fault. Figure 23 and Figure 24 present the 

resulting likelihood distribution of simulation per segment together with the likelihood 

distribution using the entire fault.  

 

Figure 23. Likelihood distribution of fault permeability at different number of fault segments used in the 

inversion process (1, 2, 4, 8, and 16 segments) 
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 Figure 24. Likelihood distribution of reservoir permeability at different number of fault segments used in 

the inversion process (1, 2, 4, 8, and 16 segments) 

 

 

As shown in the plot, there is a significant improvement in the likelihood distribution of the 

fault permeability as it is discretised during the inversion process. The improvement is 

evident because the range of most likely values becomes narrower as the number of fault 

segments used in the inversion is increased. The inversion process this time captures the 

actual permeability value as it calibrates the possible MEQ occurrences at each portion of the 

fault. Also, the permeability value converges smoothly and with less iteration when more 

segments are used in the inversion process.   

3.3.4 Uncertainty in other reservoir parameters (e.g., porosity) 

In previous sections, permeability is estimated using the synthetic MEQ data generated from 

synthetic models. To check the capability and accuracy of the study in estimating the 

permeability of the fault, the inverse model uses the same reservoir parameters and model 

grid of the synthetic model. However, in a real inverse modelling scenario, the model and the 

parameters are initially unknown. The reservoir model is constructed based on modeller’s 

understanding of the reservoir, and the reservoir parameters are acquired either from field 

measurement, from calculation using the measured parameters, or from the results of 
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experiments or previous studies. These parameters play an essential role in the simulation and 

contribute to the uncertainty in predicting permeability.  

The focus of this section is to analyse the effect of uncertainty in porosity on the estimation 

of permeability. Porosity can be defined as the ratio of void volume to the total volume of a 

rock or material, yet this property can be difficult to quantify due to the heterogeneity of a 

geothermal system. Porosity is also affected by any changes in the reservoir and can be 

modified by deformation, hydrothermal alteration, and metamorphism. (Anovitz & Cole, 

2015). There are several techniques for quantifying the total and effective porosity of rocks as 

summarised by Manger (1963) in his Geological Survey report for US Atomic Energy 

Commission. These methods of porosity determination have been improved from downhole 

petrophysical analysis to density, sonic, and neutron logs (Tiab & Donaldson, 2015). Given 

that porosity cannot be established precisely in any particular region, it must contribute a 

source of uncertainty when estimating other parameters of a reservoir model. 

Two additional simulations using the two-parameter model were performed to demonstrate 

the effect of porosity by modifying the value to 0.15 and 0.25 respectively while keeping 

other reservoir parameters constant. The resulting likelihood distribution of the simulations is 

then compared to the likelihood distribution of the synthetic model with porosity value equal 

the actual value of 0.2. Figure 25 presents how different porosity values affect the likelihood 

distribution of fault permeability. The range of values is wide and scattered for both 

simulations even though the actual permeability value still lies within the range of values 

with higher probability. The uncertainty in estimation may substantially increase if the 

assigned porosity differs much from the actual porosity value. 
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Figure 25. Effect of uncertainty in porosity in likelihood distribution of fault permeability 

 

The resulting probability distribution of reservoir permeability also follows similar 

behaviour. Figure 26 shows a slightly more extensive range of likelihood distribution if the 

different porosity value is used in the simulation. One notable observation for reservoir 

permeability is that the actual value does not lie within the range of most likely values as the 

distribution is shifted away from the correct value. The deviation of the distribution from the 

actual value affects the accuracy of estimated permeability although the distribution of 

reservoir permeability is very tight that there are small differences among the simulations. 
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Figure 26. Effect of uncertainty in porosity in likelihood distribution of reservoir permeability 

 

Aside from the porosity, there are other causes of uncertainty not covered by this study. One 

of them is the uncertainty in the reservoir model and calculations performed within the 

earthquake simulation. Seismicity rate is calculated based on the number of events generated 

from the pressure change integrated along the fault over time. Thus, any change in the 

simulated pressure affects the calculation of the seismicity rate which in turn affects the 

estimation of the fault permeability. The uncertainty in the simulations includes mesh 

discretisation, time steps set in TOUGH2 simulation, and fault discretisation. These issues 

can be addressed by performing inversion at different time steps or fault discretisation, or by 

a mesh convergence study. The resulting permeability distribution will, to an extent, depend 

on the changes implemented in the model.  

Another limitation that is not addressed by this study is the stress-dependent permeability and 

porosity changes on the fault due to fluid injection. As the fluid is injected into the reservoir, 

the pressure build-up creates stress in the formation which causes the rock to slip. This slip 

can mechanically induce changes in the permeability of the formation (Rutqvist & Tsang, 

2002). This principle is applied to fracture initiation, propagation and reactivation using 

hydrofracturing and reservoir stimulation in geothermal systems (Miller, 2015; Zimmermann, 

Tischner, Legarth, & Huenges, 2009; van der Hoon, Heijnen, Gankema, & Nitters, 2012). 

There are also many studies on coupled fluid-flow and geomechanics that has been published 

which account for the changes in the permeability and porosity in reservoir modelling (Miah, 
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et al., 2015; Winterfield & Wu, 2015). Since this study does not account for the enhancement 

of permeability and porosity during the fluid injection, the estimated permeability of the fault 

as presented in the previous sections may be underestimated. 

3.3.5 Informative (biased) priors 

The prior distribution plays a vital role in Bayesian parameter estimation. It strongly 

influences the values of the target distribution and can affect the quality of the approximation. 

There are different types of priors used in inversions. The most common of these is the “non-

informative” prior which is used when there is no solid or insufficient information about the 

parameter of interest. In this case, starting points are taken from a wide spread of values 

which assume a uniform distribution, that the priors used in the simulation are equally likely 

to occur. This default way of selecting priors can be useful particularly if there is no 

preference given in any values of the prior and the inversion is given the power to decide the 

best target distribution for the parameters. However, it raises issues with convergence and 

burn-ins especially when the proposed values are very far from the target distribution. In 

most cases, a modeller has an idea of how the target distribution looks like or has information 

on the prior values needed in the simulation, and is called “expert” or “informative” prior. An 

informative prior is usually used if there is available information about the parameter, say 

from experiments or previous studies.  

In the previous sections, the prior used in the parameter estimation was uniform with the 

bounds based on past studies or published literature. The prior values in each chain are given 

equal probability to check the capability of the MCMC sampling in estimating the 

permeability of the fault. The prior used in the study can then be considered as “weakly 

informative”. This section discusses the effect of assigning biases to the priors in the 

synthetic inversion. This section uses the two-parameter estimation model. Normal 

distribution priors with standard deviation values of 0.5 and 0.1 are used in estimating both 

the reservoir and fault permeability to distinctly examine the effect of narrow prior 

distribution in the simulation. For reservoir permeability, the mean value is set to -15 (in log 

space), equal to the actual value of the synthetic model. On the other hand, the mean value of 

the fault permeability is set to -13.5 (in log space), different from the actual value of -14 to 

demonstrate the effect of modeller bias. The simulation is set to run up to 1,000 iterations or 

until convergence is achieved. The effect of different prior values in the likelihood 
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distribution of the fault and reservoir permeability estimation is shown in Figure 27 and 

Figure 28, respectively. 

 

Figure 27. Likelihood distribution at different types of prior distribution for fault permeability  

 

 

 

Figure 28. Likelihood distribution at different types of prior distribution for reservoir permeability 
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The plot shows that informative prior has some influence on the estimation of permeability. 

For reservoir permeability, a decrease in the standard deviation of a normally distributed prior 

leads to a decrease in the width of the posterior distribution. Similar behaviour is observed in 

the likelihood distribution of the fault permeability. The width of the distribution is reduced 

as the standard deviation is decreased. An informative prior influences the resulting posterior 

distribution by giving more weight to permeability values within the prior’s normal 

distribution curve and assigning lower weights to the permeability values outside the 

distribution curve. This way, the posterior distribution efficiently converges to the values 

assigned in the prior. Also, Figure 27 shows that the likelihood distribution deviates from the 

actual value as the centre of the posterior distribution is drawn closer to the mean value 

assigned to the prior distribution used in the simulation. It is one common issue in using 

biases in the prior distribution as there is a risk of being stuck in the local maxima – a range 

of values with higher probability – since the target distribution is drawn near these values 

while neglecting the neighbouring values with lower probability. In general, the value of the 

standard deviation dictates the width while the mean value affects the maximum likelihood 

estimate of the posterior distribution. 
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Chapter 4. Case Study: Wastewater Injection in Guy-Greenbrier 

This chapter presents a case study for the application of the methods discussed in the 

previous chapter using an actual instance of injection-induced seismicity. The case study 

concentrates on microseismicity recorded from wastewater injection in central Arkansas, 

USA, which serves as the disposal of wastewater from hydraulic fracturing performed in a 

natural gas field within the area. This chapter covers the method of developing an induced 

seismicity model to estimate the seismicity rate of the area based on the pressure changes as 

the fluid is injected into the reservoir. It also discusses the calibration method to estimate the 

permeability of the Ozark Aquifer where the fluid is being injected, and the Guy-Greenbrier 

fault which serves as the major fluid pathway in the area where most of the microseismic 

events occur.  

4.1. Background 

There is growing evidence that correlates induced microseismicity with deep wastewater 

injection. In the Central and Eastern parts of USA, a significant increase in microseismic 

activities has been observed, from an average of 24 earthquakes per year of magnitude     

in the years 1973-2008 to an average of 193 per year magnitude     in 2009 which is due to 

long-term, high-volume wastewater injection into disposal wells (Rubinstein & Mahani, 

2015). Most of the fluid comes from the wastewater of hydraulic fracturing or other activities 

used to enhance oil and gas recovery. Though most of the earthquakes are small and do not 

impose seismic hazard, there are earthquakes recorded with magnitude >5.0 which can have 

damaging effects. Large earthquakes recorded in the region occurred in 2011 in Prague, 

Oklahoma and 2011 in Trinidad, Colorado, with the highest recorded magnitude of 5.6 and 

5.3, respectively. These earthquakes are inferred to be induced by wastewater injection 

(Rubinstein & Mahani, 2015).  

The earthquakes triggered in Rocky Mountain Arsenal, northeast of Denver, Colorado is one 

of the well-documented cases of microseismicity induced by fluid injection (Healy, Rubey, 

Griggs, & Raleigh, 1968). A total of about 1,500 microearthquakes were recorded in the area 

from 1962 to 1967, including the largest earthquake of magnitude 5.4 triggered in the area. 

These events are located within the region of chemical waste disposal well. Another case of 

injection-induced seismicity occurred in Paradox Valley, Colorado in which about 4,000 

microseismic events were recorded since injection of wastewater began in disposal wells in 
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1991 (Ake, Mahrer, O' Connel, & Block, 2005). The events are located within the zone 

surrounding the injection wells. 

A recent well-documented case of wastewater injection-induced seismicity is the swarm of 

earthquakes triggered between the towns of Guy and Greenbrier in Central Arkansas (Horton, 

2012). Eight injection wells within the Fayetteville Shale gas play were drilled and used to 

dispose of the wastewater from hydraulic fracturing activities to enhance natural gas recovery 

in north-central Arkansas. The area experienced an increase in seismic events after the 

operation of the first injection well in April 2009. Since then, seismic events continue to 

occur, specifically near the Guy-Greenbrier area, until the year of 2011. 

The state of Arkansas is known to have a long history of scattered earthquake activity long 

before the start of the injection in 2009. The New Madrid seismic zone in the northeast corner 

of Arkansas is the most seismically active area in the state with three large earthquakes which 

occurred in 1811-1812, and an estimated five to nine earthquakes of magnitude 7+ occurred 

in the last 1,100 years (Horton, 2012).  The swarm of earthquakes close to the town of Enola 

in central Arkansas which happened in 1982 (Chiu, Johnston, Metzger, Haar, & Fletcher, 

1984) and 2001 (Rabak, et al., 2010) are considered as the largest earthquake swarms in the 

Central United States. The sequence of earthquakes in Enola happened when the disposal 

wells in the area were not yet operational. Thus the events are inferred to be naturally-

occurring earthquakes (Ogwari, Horton, & Ausbrooks, 2016). The background seismicity rate 

of Arkansas as reported in Advanced National Seismic System (ANSS) catalog from 1967-

2008 is 1.4 events/yr for earthquakes with magnitude > 3.0. However, after the start of 

injection in the area, the rate increases to 16 events/yr from 2009-2011 and this was mostly 

due to events occurring in the Guy-Greenbrier area (Ogwari, Horton, & Ausbrooks, 2016). 

Seismicity in the Guy-Greenbrier area started a few weeks after Well 1 started its operation 

on 7 July 2010 with scattered events located within a 5km radius from the well (Horton, 

2012). Well 5 which is situated near Well 1 started its operation on 18 August 2010. On 23 

September 2010, hundreds of small to moderate earthquakes were detected near the two wells 

which started near Well 1 and migrated towards the southwest. The swarm of earthquakes 

continued until December of the same year. The events were located at depths between 3 and 

7 km, and forming a linear structure of 5 to 6 km length striking at N30E. This structure, 

which is called Guy-Greenbrier fault, is consistent with the NE-trending of the focal 

mechanism of the magnitude 4.0 earthquake that occurred on 11 October 2010 in the same 
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area (Horton, 2012). The seismic activity continued to occur several kilometres to the south, 

which makes the fault more evident and suggests its length is about 13 km. On 27 February 

2011, a magnitude 4.7 earthquake was triggered, which caused an emergency shutdown order 

from the Arkansas Oil and Gas Commission (AOGC) that halted the operation of the two 

wells on 4 March 2011. Seismic events continued to occur for the next seven months after the 

termination of injection, but the rate of earthquake occurrence gradually decreased (Horton, 

2012). Figure 29 shows the map of microearthquakes triggered within the Guy-Greenbrier 

fault together with the location of the wells and the location of the permanent station of 

Arkansas seismic networks, WHAR. The spatiotemporal evolution of the seismicity uses the 

locations from the ANSS catalog.  

 

Figure 29. Map of location of microseismic events within the Guy-Greenbrier area based on ANSS 

catalog including the location of Well 1 and Well 5. Source: (Dempsey, Suckale, & Huang, 2016) 

 

The area covered by the case study is located in the eastern part of Arkoma Basin, which is 

bounded by the Ozark Plateau on the north, Ouachita Mountains frontal faults on the south, 

and Mississippi embayment to the east (Ogwari, Horton, & Ausbrooks, 2016). The 

stratigraphy of the area is composed mainly of Paleozoic sedimentary rocks in which 

wastewater fluids are injected, and underlying is the Precambrian crystalline basement where 

5 km
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most of the earthquakes occur (Horton, 2012). There are two geohydrologic systems present 

in the study area. The upper system is called the Western Interior Plains confining system, 

which serves as the impermeable confining unit of the area. This confining unit is mostly 

composed of low-permeability shale with some sandstone, limestone, and coal in alternating 

sequence (Horton, 2012). Local permeable zones exist in the system, but the lateral and 

vertical flow of fluid is restricted as it is dominantly low-permeability rocks (Horton, 2012). 

The system that underlies the confining unit is the Ozark Plateau Aquifer system which has 

alternating aquifer and confining unit. The basement unit is the Precambrian confining unit 

which is composed of crystalline rock of low permeability. The presence of faults and 

fractures on top of the confining unit provide pathways for fluid to flow thus significant 

number of seismic events are located in this area. Overlying this basement unit is the thickest 

aquifer in the system – the Ozark Aquifer – which is composed mostly of dolostone with 

some sandstone and limestone. Since the aquifer is dominantly dolostone, it is characterised 

as having a relatively low intrinsic porosity of about 4-6%, but permeability is enhanced in 

the faulted areas due to the dissolution of the carbonate rocks (Ogwari, Horton, & Ausbrooks, 

2016). The Springfield Aquifer lies above the Ozark Aquifer which is composed mostly of 

limestone with low intrinsic porosity yet remains permeable due to the dissolution of 

limestone along the fractures and beddings. Chattanooga Shale, which is about 14m thick, 

serves as a confining unit that separates the Ozark Aquifer and the overlying Springfield 

Aquifer. The confining unit, which is 25% shale and 75% sandstone, is slightly permeable 

but the hydraulic connections between the two aquifers vary significantly with the local 

lithologic and structure differences (Horton, 2012; Ogwari, Horton, & Ausbrooks, 2016).  

Wells 1 and 5 are assumed to be responsible for the fluid injection-induced seismicity in the 

Guy-Greenbrier fault. Both wells are injecting into the Ozark Aquifer in which some of the 

seismic events are located. Well 1 injects into two intervals: one at depths between 1.84 and 

1.87 km while the other interval is between 1.89 and 1.92 km. The first injection interval 

occurs at the Springfield Aquifer while the other interval occurs at the Ozark Aquifer. Well 5 

injects at depths between 2.38 and 3.34 km which spans 960m of the deep portion of the 

Ozark Aquifer (Horton, 2012).  

This case study focuses on the Guy-Greenbrier area where the sequence of earthquakes 

occurs. The microseismic events are used to estimate the permeability of the Guy-Greenbrier 

fault and the Ozark Aquifer. The case study is constrained to the microseismic events that 
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occur from July 2010 to October 2011 which covers the events triggered after injection 

started in Well 1 and it also includes events that occurred several months after injection was 

halted.  

4.2. Model Setup 

This section describes a simple numerical model to represent wastewater injection in the 

Guy-Greenbrier area where a swarm of microseismicity is located. The model covers the 

location of the observed microseismic events in the injection area together with the two wells 

which are responsible for the triggering of the events around the inferred fault. 

For the numerical model, a rectangular grid is created using PyTOUGH with a dimension of 

20 km x 30 km x 1.03 km, representing the Ozark aquifer. The model assumes a no-flow 

boundary both at the top and bottom of the grid as the aquifer is covered with an 

impermeable cap rock and sealed from below by a basement confining unit. The size of the 

boundary blocks is 1,000 m which assumes a constant pressure boundary condition, and the 

grid block size decreases to 800 m, 700 m, and 500 m towards the centre of the grid. A local 

grid refinement with a dimension of 250 m x 250 m is performed in the area where the fault 

and the wells are situated to more accurately simulate the pressure change within this area. 

The model is rotated to an angle of 35
o
 from north to align with the Guy-Greenbrier fault, the 

major geological structure in this study and a primary fluid flow path in the reservoir. Figure 

30 shows the model grid used in this case study together with the location of the wells and the 

assumed fault location. 
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Figure 30. Numerical model grid of wastewater injection area in Arkansas 

 

The model grid is divided into two layers: a 70 m thick top layer and 960 m thick bottom 

layer. The top layer represents the combined injection interval of Well 1 in Ozark aquifer and 

Springfield aquifer. The model assumes that the two aquifers are well-connected and all of 

the wastewater fluid is injected into a single layer of the model. The second layer represents 

the injection interval of Well 5 in the deep portion of the Ozark aquifer. Fluids from wells 1 

and 5 are injected at the top and bottom layer of the model, respectively. The monthly 

injection rate (in kg/s) for both wells covering the period of July 2010 to October 2011 is 

Well 1

Well 5

fault
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shown in Figure 31 (Huang & Beroza, 2015). The injecting temperature is set to 30
o
C which 

is similar to the initial temperature of the model to eliminate thermal effects.  

 

 

Figure 31. Monthly Injection rates (in kg/s) of Well 1 and Well 5 

 

Two rock types are created in this model which corresponds to the Ozark Aquifer and the 

Guy-Greenbrier fault. The swarm of microseismic events is represented by a line segment, 12 

km in length, and is situated at the bottom layer of the model, in the assumption that the 

formations in which most of the events are triggered are very well connected. The rock type 

assigned to all blocks in the model represents the Ozark aquifer except for those blocks 

traversed by the assumed fault, in which fault rock type is assigned. The rock properties use 

the default values set in AUTOUGH2, except for the porosity in which the value assigned is 

5% for both rock types. The porosity value used in the model is possibly quite high for the 

porosity of the rocks along the fault. Due to the uncertainty in the porosity in the model, 

higher uncertainty in permeability estimation is anticipated, and the accuracy will also be 

affected, similar to the result presented in the previous chapter. 

This section develops a simple model to represent the seismicity in Guy-Greenbrier area. The 

model grid can be improved by assigning higher grid resolution, by developing more 

extensive fault block assignment, or by quantifying injection rates at different zones. 
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However, the model developed in this section is sufficient to test the methods developed in 

the previous chapters. 

4.3. Calibration Process and Inverse Modelling Result 

The purpose of this case study is to estimate the permeability of the Ozark aquifer and the 

Guy-Greenbrier fault in the wastewater injection area using the induced seismicity model and 

the calibration method presented previously. Calibration begins with the assignment of a 

guess permeability of the aquifer and the fault in the model and running a simulation using 

TOUGH2. The simulation performed in this case study uses EOS1 as the equation of state 

and runs for 1.25 years (the period covered in the model).  The critical pressure used in this 

case study is 0.10 MPa equal to the initial block pressure set in the model to allow triggering 

of the earthquake at very low overpressure. The initial block pressure may not be a realistic 

value, but this will not raise any issue in the output of the calibration since the method only 

relies on the pressure difference for earthquake triggering. The fault is divided into 200 equal 

segments and the generated pressure output at every month at each segment of the fault is 

used to compute the average seismicity rate. The seismicity rate is then compared to the 

recorded MEQ data along the Guy-Greenbrier fault and is scored using the log-likelihood for 

a non-homogenous Poisson process (equation 9). The MEQ data used in this case study is 

presented in Figure 32 (Huang & Beroza, 2015) which is obtained from the ANSS catalog 

and only covers microearthquakes with magnitude     .  

 

Figure 32. MEQ catalog of Guy-Greenbrier fault from July 2010-October 2011 with magnitude       
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Inverse modelling is performed to estimate the permeability of the aquifer and the fault by 

running several forward models of different permeability values and plotting all likelihood 

values to generate a likelihood distribution. The simulation uses Python “emcee” module 

with two-dimensional vectors which correspond to aquifer and fault permeability. The initial 

values for each walker range from 10
-12

 to 10
-16

 m
2
 for aquifer permeability and from 10

-12
 to 

10
-14 

m
2
 for fault permeability, which assumes to be isotropic, and the priors assume a 

uniform distribution. The simulation is set to run for 1,000 iterations or until it reaches 

convergence. Figure 33 shows the resulting likelihood distribution of the aquifer and fault 

permeability together with the contour of possible permeability combinations. 

 

Figure 33. Corner plot for the likelihood distribution of permeability of Ozark aquifer and Guy-

Greenbrier fault 

 

The plot shows a bimodal distribution – a distribution having two maxima or modes – for 

both the aquifer and fault permeability. The aquifer permeability remains very tight similar to 

the previous results (Chapter 3). The tight distribution might be due to an issue with the 

simulation of the model, or it might be due to the limitation of the methods developed in this 

study. The result shows two sets of aquifer-fault permeabilities. The contour on the upper left 

portion of the corner plot (Output 1) is the expected permeability estimate with aquifer and 

fault permeability ranges of 1.0x10
-15

–2.1x10
-15

 m
2
 and 3.2x10

-13
–1.0x10

-12
 m

2
, respectively. 

This result is the expected result of permeability values since the permeability of the fault is 
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higher than the aquifer, which is the usual case in geothermal systems and reservoirs. The 

faults and fractures are more permeable than the reservoir, which makes them the primary 

conduits for fluid. Figure 34a shows the pressure change in the model using the permeability 

values of the Output 1. The higher pressure observed along the fault as compared to its 

surrounding aquifer shows that once the fluid reaches the fault, the preferential flow is from 

one fault block to another rather than from fault to aquifer blocks. The pressure change as the 

fluid flows along the fault blocks captures the permeability of the fault as the calibration 

matches the generated seismicity rate with the actual MEQ data. The suggested flow 

mechanism for Output 1 is shown in Figure 34b.  

 

  

(a) 
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(b) 

Figure 34. (a) Output 1 liquid mass flow evolution in the reservoir. The arrow shows the flow of fluid with 

the size of the arrow as the magnitude of mass flow; (b) Fluid flow mechanism of Output 1 along the 

vertical section along the fault 

 

The permeability contour at the lower right portion of the corner plot (Output 2) shows a 

range of aquifer and fault permeability of 2.0x10
-13

–2.5x10
-13

 m
2
 and 6.3x10

-14
–1.6x10

-13 
m

2
, 

respectively. In this output, the aquifer permeability is higher than the fault permeability. This 

result is not usually the case for most geothermal systems or reservoirs. However, this set of 

permeability still matches the MEQ triggering used in the calibration. This scenario may be 

explained by a different flow mechanism in the model. Figure 35a shows the pressure 

evolution in the reservoir, and Figure 35b presents the suggested fluid flow mechanism in the 

model using permeability of Output 2. As seen in the figure, lower pressure is generated 

along the fault as compared to the surrounding reservoir. The fluid tends to flow in the 

aquifer blocks around the fault instead of along the fault. The pressure change within the fault 

blocks might be influenced by the pressure change in the surrounding aquifer blocks. Thus, 

the estimated aquifer permeability in this scenario is within the range of the fault permeability 

of Output 1. The inversion method estimates the fault permeability from the pressure change 

due to fluid flow within the surrounding aquifer blocks. 
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(a) 

 

(b) 

Figure 35. (a) Output 2 liquid mass flow evolution in the reservoir. The arrow shows the flow of fluid with 

the size of the arrow as the magnitude of mass flow; (b) Fluid flow mechanism of Output 2 along the 

vertical section along the fault 

 

 

To check how close the resulting seismicity rate is to the actual MEQ data, the simulated 

seismicity rates within the range of most likely values are plotted in Figure 36 together with 

the observed MEQ data. The plot shows two distinct seismicity rate trends. The black lines 

and red lines are seismicity rates generated using the permeability values of Output 1 and 

Output 2, respectively. The seismicity rates generated from the two outputs are slightly 
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different. However, both follow the general trend and behaviour of the recorded 

microseismicity. The relative changes of the seismicity within the period have been captured, 

but we cannot constrain the exact number of events at a given time due to the inherent 

randomness of earthquake triggering. Also, the MEQ catalog probably includes aftershocks, 

and discarding these aftershocks may improve the match between the simulated seismicity 

rate and the actual seismicity. 

 

Figure 36. Simulated seismicity rate and observed seismicity rate of Guy-Greenbrier area. The black and 

red lines are the generated seismicity rates of Output1 and Output 2, respectively. 

 

Output 1 is considered as the more appropriate result for the permeability estimate since the 

fault permeability is higher than that of the aquifer. Figure 37 shows a more detailed corner 

plot of the permeability estimate by discarding the probability values associated with Output 

2. The plot shows the range of most likely permeability values of the Ozark aquifer and Guy-

Greenbrier fault. The plot shows the probability distribution after removing the effect of the 

values associated with Output 2. Similar to the results in the previous chapter, the likelihood 

distribution of the aquifer permeability remains very tight as the inversion method attempts to 

estimate the onset time of seismicity within the fault. The “delay” or onset time of MEQ 

triggering is sensitive to the aquifer permeability (Dempsey, Suckale, & Huang, 2016). The 

very tight probability distribution seems to constantly occur in all of the simulations of the 

study which might be caused by some uncertainty in the simulation or by shortcomings of the 
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methods developed in this study. Similarly, a narrow likelihood distribution is presented for 

the fault permeability. The narrow range of most likely values gives some confidence of a 

well-calibrated model.   

 

Figure 37. Corner plot for the likelihood distribution of permeability of Ozark aquifer and Guy-

Greenbrier fault using Output 1 

 

Though the distribution of the aquifer and fault permeability shows good result, there are still 

efforts of improving the permeability estimation to obtain a well-calibrated model. 

Calibration is done by dividing the fault into equal segments and comparing the generated 

seismicity rate per segment to the MEQ data triggered at each segment. This process is 

similar to the method used in the two-parameter model. For this case study, the fault is 

divided into eight equal segments and inversion process is done at each segment to generate a 

likelihood distribution. Figure 38 and Figure 39 presents the resulting likelihood distribution 

of aquifer permeability and fault permeability, respectively together with the likelihood 

distribution using the entire fault. 

Similar to the result of the two-parameter model in the previous chapter, there is an 

improvement in the likelihood distribution due to the calibration done per segment by 

providing a narrower probability distribution which gives less uncertainty in the estimation of 

the permeability. The range of aquifer and fault permeability, in this case, is 1.12x10
-15

–

1.38x10
-15

 and 7.8x10
-14

 – 1.58x10
-13

 m
2
, respectively. However, the distribution seems to be 
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different from the estimated permeability using the entire fault. This result might confirm the 

presence of the bimodal distribution since the distribution using the eight segments is within 

the range of most likely values of the fault permeability of the bimodal distribution. The 

aquifer permeability remains tight with negligible changes in the probability distribution. 

 

Figure 38. Comparison of likelihood distribution Ozark Aquifer permeability using eight segments and 

using the entire fault in the calibration 

 

 

Figure 39. Comparison of likelihood distribution Guy-Greenbrier fault permeability using eight segments 

and using the entire fault in the calibration 
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Chapter 5. Conclusion and Recommendation 

The primary objective of this study was to integrate MEQs in a reservoir model development 

workflow to assist in calibration and reservoir characterisation. The study presents a 

theoretical method for the use of MEQ data in reservoir model calibration to estimate 

reservoir parameters, specifically the permeability of the reservoir and the fault. The method 

introduced in this study involves running the model using TOUGH2 to estimate the pressure 

change in the reservoir. The study uses TOUGH2 as the simulator because it is one of the 

most commonly used simulators in reservoir modelling which makes the methods applicable 

for general reservoir simulations. Microseismicity is triggered based on the simulated 

pressure change in the model due to fluid injection. The increase in fluid pore pressure causes 

a decrease in shear strength of the rock. This promotes rock failure and triggers earthquakes. 

The occurrence of an earthquake depends on whether the pressure increase reaches the 

critical level for the reservoir. This concept of earthquake triggering is used to generate the 

average seismicity rate of the fault, which is used to create a synthetic MEQ data. 

The calibration of an induced seismicity model using MEQ data is done by adjusting 

reservoir parameters to match approximately the simulated seismicity rate to the occurrence 

times of earthquakes. The output of the calibration is presented as a probability distribution 

given that there is uncertainty in MEQ observations due to the randomness in earthquake 

triggering. The study estimates the permeability of the reservoir and the fault through an 

inverse modelling approach, which involves many forward model runs for different 

permeability values and comparison between the simulated seismicity rate and the MEQ data. 

This comparison uses a log-likelihood expression for a nonhomogeneous Poisson process. 

The inversion is performed by using MCMC as a sampling method for one-parameter and 

two-parameter models.  

The result of the one-parameter and two-parameter models suggests that it is possible to 

identify reservoir parameters provided that there is a sufficiently large MEQ dataset for 

calibration. The results show how calibration depends on the quality and number of data 

available. Fewer MEQ data due to either a less sensitive seismic network or a shorter period 

of seismic monitoring resulted to greater uncertainty in the probability distribution for 

permeability. Also, permeability estimation is significantly influenced by other reservoir 

parameters (e.g., porosity), accurate estimates of which the inversion relies on. The 
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uncertainty in other reservoir parameters may affect the accuracy of the estimation, and can 

also result in a wider probability distribution.  

However, the distribution can be improved given prior knowledge (e.g., from the previous 

study, experiment, etc.) of some parameters. This way, the posterior distribution efficiently 

converges to the values assigned in the prior. Also, dividing the fault into smaller segments 

and calibrating the MEQ data at each segment reduces the uncertainty in the probability 

distribution of the reservoir and fault permeability which gives higher confidence of a well-

calibrated model. 

A case study is performed to apply the method to a real MEQ dataset. The case study uses 

microseismic data from wastewater injection in the Guy-Greenbrier area, Arkansas. A simple 

induced seismicity model is developed to represent the injection area, which covers the Ozark 

Aquifer, Guy-Greenbrier fault, and wells where the fluid is injected. Inverse modelling is 

performed to estimate the permeability of the aquifer and the fault using the occurrence times 

of the seismic events along the fault. The result shows a bimodal distribution giving two 

combinations of aquifer-fault permeability that match the MEQ dataset. The first output 

shows an estimate of 1.0x10
-15

–2.14x10
-15

 m
2
 and 3.16x10

-13
–7.1x10

-13
 m

2
 for aquifer and 

fault permeability, respectively. In this output, the permeability of the fault is higher than that 

of the aquifer, which is usual case for a real system. The fault serves as the major conduit of 

fluid flow in the reservoir thus it is expected to be more permeable than the aquifer. The 

second output gives a range of aquifer and fault permeability of 2.0x10
-13

–2.5x10
-13

 m
2
 and 

5.0x10
-14

–8.0x10
-14 

m
2
, respectively. In this case, the fluid tends to flow in the aquifer blocks 

around the fault instead of along the fault. The inversion method captures the fault 

permeability from the pressure change due to fluid flow within the surrounding aquifer 

blocks. 

Overall, the method presented in this study shows how MEQs can be used in estimating 

reservoir parameters using the physical link between the reservoir pressure evolution and 

earthquake triggering. There are several assumptions embedded in our study since this is 

intended as a proof-of-concept. Further improvements should be made both in model 

development and calibration to make the process more robust. These could include: 

 Since the seismicity rate is highly dependent on the simulated pressure on the model, 

conducting a mesh convergence study will be helpful. This will give more accurate 

pressure simulation (due to finer mesh) at an optimum computational time.  
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 The method presented in this study assumes that earthquakes are triggered mainly by 

fluid overpressure. However, microseismic events recorded in the field include 

aftershocks, which are triggered due to the occurrence of large earthquakes. 

Earthquake declustering can be done to remove these aftershocks which will improve 

model calibration.  

 Application of the method to multi-parameter model (i.e., two-fault activation model, 

creation of a heterogeneous model which consists of rock types with different 

permeabilities) will provide information on the effect of interconnected faults and 

heterogeneous medium in the occurrence of earthquakes. 

 The study assumes that the permeability remains constant over time even with the 

pressure change or fault reactivation. Integration of stress-dependent permeability 

enhancement of the fault due to fluid injection will aid in improving the model 

development and calibration but will add additional parameters. 

 The fault in the Guy-Greenbrier case study is assumed to be a line segment situated in 

a single layer of a model. Developing an extensive fault block assignment can 

enhance the model by creating the planar structure of the fault to represent the three-

dimensional spatiotemporal evolution of the seismic events.  

 The case study assumes that the fluid from Well 1 is all injected in Ozark Aquifer 

even though it also injects into the Springfield Aquifer. Additional scenarios of fluid 

injection in Well 1 can also provide additional information in the probability 

distribution for aquifer and fault permeability. 

 Although the simulated seismicity rate in the case study using the estimated 

permeability matches the trend of the actual MEQ data of the injection area, the 

resulting probability distribution has not been verified due to time constraints. The 

estimated permeability could be validated against another study that estimates 

permeability using microseismicity, i.e., permeability estimation using hydraulic 

diffusivity (Shapiro, Huenges, & Borm, 1997), or other methods such as well-testing. 
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