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Abstract  

 

Globally, 25% percent of greenhouse gas emissions result from electricity generation that 

is powered by burning fossil fuels. To mitigate climate change due to these emissions, we 

must increase the electricity portion generated by low-carbon resources, such as 

geothermal energy. One of the major barriers for geothermal development is financial risk 

due to geological uncertainty. Production from a geothermal well highly depends on the 

unknown location of subsurface geological structures, such as faults. Faults are the most 

important part of geothermal systems because they host the hydrothermal fluids. In 

geothermal systems, cold rain-water seeps to hot areas in the subsurface and heats up. This 

hydrothermal fluid then upwells through subsurface faults towards the surface. Geothermal 

energy developers need to find these faults to: drill wells to intersect these faults, pump out 

the hot pressurized water and use the water to turn turbines and generate electricity.  

Yet, characterizing the structure of faults carrying hydrothermal fluids is extremely 

difficult and uncertain. Traditionally, geoscientists assess the subsurface structure by 

collecting many different datasets, interpreting the datasets manually, and creating a single 

model of fault locations. This method, however, is often inaccurate and does not provide 

any information about geological uncertainty and ensuing financial risk.  

In this work, we show that geological uncertainty has been a major challenge for 

developing geothermal systems, specifically enhanced geothermal systems. Using a 

synthetic case study, we demonstrate that information about geological uncertainty can 

influence the process of making decisions regarding reservoir management. we then 

describe a method for generating geologically realistic structural models of geothermal 

reservoirs that match observed data and apply this stochastic inversion method on real data 

from the Patua Geothermal Field in Nevada. To conclude, we provide a case study of how 

geological uncertainty quantified at Patua Geothermal Field can be used to inform the 

choice of reservoir development actions.  
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Chapter 1 

1 Introduction 

1.1 Motivation and scope 

Globally, 25% percent of greenhouse gas emissions result from electricity generation 

(Pachauri et al., 2014) that is powered by burning fossil fuels. To mitigate climate change 

due to these emissions, we must increase the electricity portion generated by low-carbon 

resources, such as geothermal energy.  

We should increase the global geothermal energy capacity because it is an energy 

source that emits almost no greenhouse gasses, and which can complement other renewable 

energy sources. Over its lifetime, a geothermal power plant emits on average 45 g 

CO2eq/kWh, the same as photovoltaic solar energy, and much less than natural gas or coal, 

which emit on average 469 g CO2eq/kWh and 1001 g CO2eq/kWh, respectively 

(Edenhofer et al., 2011). Geothermal energy is a vital component of the future renewable 

energy mix because it can complement fluctuating renewable energy sources, such as wind 

and solar. When the sun is not shining and the wind is not blowing, geothermal energy can 

supply clean energy because it is not influenced by conditions above the surface.  

One of the major barriers for geothermal development is financial risk due to 

geological uncertainty (Gehringer and Loksha, 2012; Salmon et al., 2012; Speer et al., 

2014). Production from a geothermal well highly depends on the unknown location of 

subsurface geological structures, such as faults. Faults are the source of hot water and the 

most important part of geothermal systems.  In geothermal systems, cold rain-water seeps 

to hot areas in the subsurface. The hot water then upwells through subsurface faults towards 

the surface. Geothermal energy developers need to find these faults to: drill wells to 

intersect these faults, pump out the hot pressurized water and use the water to turn turbines 

and generate electricity.  
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Improvements in exploration methods for characterizing fault structures can also 

open access to significant geothermal resources. While 3 GW of geothermal energy are 

currently produced in the United States, equivalent to 0.2% of the total U.S. energy 

consumption (U.S. Energy Information Administration, 2016), the U.S. Geological Survey 

assessed that an additional 30 GW of geothermal resources exists in hidden geothermal 

systems in the U.S. (Williams et al., 2008). In hidden geothermal resources, faults carrying 

hydrothermal fluids do not reach the surface and do not produce an easy-to-spot hot spring. 

Even in locations with surface manifestation of geothermal activity, the exact location of 

faults and their geometry below the surface can still be difficult to pinpoint. Geoscientists 

need to find and model these subsurface structures to utilize the large hidden geothermal 

resource in the U.S.   

Characterizing fault structures is crucial not only for regular geothermal systems, 

but also for Enhanced Geothermal Systems (EGS). EGS projects are artificially created 

geothermal systems built in areas that have hot rocks but insufficient natural permeability. 

In an EGS, wells are drilled into hot rocks. Pressurized fluid is injected into the wells to 

induce shear slip and open preexisting fractures, or to create tensile fractures. The fracture 

networks form a permeable reservoir. Injected fluid heats up as it circulates though hot 

rocks in the fractured reservoir. The fluid is then pumped out of production wells and 

powers turbines to generate electricity. The cooled fluid is then reinjected back into the 

subsurface. EGS technology is still being developed but has a lot of potential. The US 

Department of Energy estimates that if EGS technology matures, geothermal energy could 

supply 60 gigawatt of electricity and account for 8.5% of US energy generation in 2050 

(Geothermal Technologies Office, 2019). 

Preexisting natural faults influence the directionality, size, and economic feasibility 

of enhanced geothermal systems. At EGS projects around the world, natural faults have 

determined the propagation direction of stimulated zones (Norbeck et al., 2018), and 

formed an integral portion of the geothermal reservoir (Geodynamics Limited, 2015). Most 

of the successful EGS projects have been at sites with preexisting faulting at the outskirts 

of regular (hydrothermal) geothermal fields. Detecting these faults and defining their 

geometry is crucial to siting and developing EGS projects.  
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There is substantial uncertainty regarding the fault geometry and overall structural 

model of geothermal areas. Geoscientists collect many geological, geophysical, well 

logging, and well testing data sets to ascertain fault locations. This information, however, 

is insufficient to determine fault locations. Even after analyzing the data, there is still a 

large amount of uncertainty regarding the structural model of the subsurface. 

Few methods have been developed to quantify this geological uncertainty in 

geothermal reservoirs. Traditionally, geoscientists detect and characterize fault structures 

in geothermal reservoirs by collecting many different datasets, interpreting the datasets 

manually, and creating a single model of fault locations. This method, however, does not 

provide any information about risk and uncertainty and is often inaccurate. Some stochastic 

methods have been proposed, but these are often tested on simplified, mostly synthetic, 

case studies.  

Subsurface uncertainty is a major challenge in the geothermal industry. The success 

of drilling a multimillion dollar well is often dependent on the presence of a fault 

intersecting the wellbore, and therefore the uncertainty of fault location has a direct impact 

on the financial risk of the reservoir development decision of whether to drill a well. 

Subsurface risk makes it challenging to predict return on investment, and thus deters 

investment. Even though subsurface risk is a major issue, the geothermal industry does not 

assess subsurface uncertainty in a rigorous matter (Witter et al., 2019), with the most 

common uncertainty quantification method of "heat in place" calculation lumping all 

geoscience parameters into four scalar parameters (Garg and Combs, 2010). 

Currently, most geothermal operators create single deterministic earth models to 

make reservoir management decisions, leading to decisions that are not robust to 

uncertainty. To better manage geothermal fields, it is necessary to innovate methods to 

minimize subsurface risk, quantify subsurface uncertainty, and use the information 

regarding structural uncertainty when making reservoir development decisions. 
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1.2 Intended contributions 

This research has five main contributions: 

• Analyzing the challenges of past enhanced geothermal systems (EGS), showing 

that geological uncertainty has been a major challenge for developing EGS projects, 

and demonstrating the success of EGS projects on the outskirts of existing 

geothermal fields. 

• Proving that knowledge of geological and structural uncertainty can impact 

geothermal reservoir management decision. 

• Providing methodology and code for stochastic inversion of multiple geothermal 

data sets for finding an ensemble of geologically realistic structural models that 

match observed datasets.  

• Demonstrating how to use information regarding geological uncertainty in making 

reservoir management decisions. 

• Developing a method for interpolating the temperature field in geothermal systems 

by using a statistical method (kriging) with a theoretical solution from a physical 

equation (heat diffusion from a constant temperature boundary).  

1.3 Dissertation outline 

Chapter 1 discusses motivation, scope, and intended contributions of this thesis. Chapter 2 

covers the paper, Pollack et al. (2020), What Are the Challenges in Developing Enhanced 

Geothermal Systems (EGS)? Observations from 64 EGS Sites, which was accepted to the 

2020 World Geothermal Congress (that was then deferred due to the COVID-19 pandemic). 

This chapter discusses the challenges faced in EGS projects, including induced seismicity 

and issues in reservoir characterization. Most importantly, this chapter identifies 29 

successful EGS project, the vast majority of which are EGS projects inside existing 

geothermal fields. This connects to Chapter 4, which considers the choice of creating an 

EGS at Patua Geothermal Field by stimulating one of two wells. 
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Chapter 3 compares the process of optimizing an enhanced geothermal system 

without considering uncertainty (Single Model Optimization) and with considering 

uncertainty (Multiple Model Optimization). The results show that taking uncertainty into 

account can change the reservoir development decision. The work in this chapter was 

published in Applied Energy (Pollack and Mukerji, 2019). 

In Chapter 4, we cover an algorithm for stochastic inversion of geophysical, 

wellbore and tracer data for finding geologically realistic structural models. We show 

several steps of the stochastic inversion process: determining the prior uncertainty, 

parameterizing the model, setting up a likelihood function, and using an optimization 

scheme to find the posterior ensemble. Chapter 4 is based on the Stanford Geothermal 

Workshop paper, Stochastic Structural Modeling of a Geothermal Field : Patua 

Geothermal Field Case Study (Pollack et al., 2020), and a soon to be submitted manuscript, 

Stochastic inversion of gravity, magnetic, tracer, lithology, and fault data for geologically 

realistic structural models: Patua Geothermal Field Case Study.  

Chapter 5 uses the results of Chapter 4 and shows how to use the geological 

uncertainty quantified using the stochastic inversion method in order to choose between 

four different possible reservoir development decisions at Patua Geothermal Field. This 

chapter also includes information regarding a novel method for interpolating the 

temperature field in a geothermal system, "fault-tracking and physics-based temperature 

interpolation." This chapter is based on a soon to be submitted manuscript, Integrating 

information regarding geological risk in geothermal reservoir management decisions: 

Patua Geothermal Field Case Study. 

Finally, Chapter 6 concludes and offers ideas for future work.  
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Chapter 2 

2 What Are the Challenges in Developing 

Enhanced Geothermal Systems (EGS)? 

Observations from 64 EGS Sites 

2.1 Preamble 

Since the 1970s, numerous projects have experimented with methods to enhance 

permeability at both existing and new geothermal sites. While the accomplishments and 

findings of these Enhanced Geothermal Systems (EGS) are at the center of publications on 

these sites, there is less discourse on what has gone wrong. Understanding the obstacles 

facing EGS projects can help EGS developers avoid potential mistakes in the future and 

focus research efforts on the most prevalent development issues. This chapter compiles and 

describes challenges experienced in EGS projects, based on published observations from 

64 EGS sites. We found that six sites ceased operations temporarily or shut down due to 

seismicity or seismicity concerns. Drilling and plant operation issues, such as holes and 

cracks in wellbore casing, stuck drill strings, and well collapses, have increased costs, 

delayed or terminated at least 24 EGS projects. At least 18 sites faced challenges in 

reservoir creation and circulation, such as insufficient connectivity between the injection 

and production wells or water loss. Inability to raise financing either initially or in later 

project phases has been a major block for many EGS projects. While EGS sites often 

encounter difficulties, this review shows that at least 29 of the projects, including in-field 

and green field, continue to operate and generate electricity at an increased rate due to 

stimulation operations.  
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2.2 Introduction 

For the purposes of this chapter, we define an EGS according to Williams et al. (2011), as 

"the portion of a geothermal resource for which a measurable increase in production over 

its natural state is or can be attained through mechanical, thermal, and/or chemical 

stimulation of the reservoir rock" (Breede et al., 2013). We have collected information 

regarding 64 sites at different phases of execution, from planning to operating. A map of 

these sites is shown in Figure 2.1 and a complete list is tabulated in the appendix. 

 
Figure 2.1: (a) Map of the 64 sites discussed in this chapter. Two zones with high concentrations of EGS 

sites are highlighted with green and blue rectangles and zoom-ins around these areas are shown in 

subfigures b and c, respectfully.   

This chapter is a compilation of past and ongoing EGS projects based on previous 

compilations as well as individual papers. Reviewed previous global compilations include 

those by: 

• Tester et al. (2006), who studied 17 sites,  
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• Sandrine (2007), who studied 17 chemical stimulation sites,  

• Breede et al. (2013), who studied 31 sites,  

• Sigfússon et al. (2015), who studied 32 sites, and  

• Lu (2018), who studied 18 sites.  

Excellent more localized reviews included in this compilation are the review by 

Entingh (2000) of the ten DOE Geothermal Reservoir Well Stimulation Program 

experiments, the review by Axelsson and Thórhallsson (2006) of well stimulation 

experiences in Iceland, and the review by Bendall et al. (2014) of three Australian EGS 

projects. Further insights regarding past EGS sites can be gained from the above-mentioned 

reviews.  

This review adds to the literature by collecting information from the total of 64 sites 

in a single chapter. Besides those reviewed in other compilations, information regarding 

seven new sites, such as Qiabuqia in China and Vendenheim in France, is added. While 

some reviews focus mainly on “greenfield” sites using hydraulic stimulations methods, this 

review includes both greenfield and infield projects that used various types of stimulation 

methods. This review does not provide descriptions of the EGS projects. Instead, this 

chapter compiles and describes only the challenges experienced in EGS projects. 

Understanding the challenges can help those planning EGS projects better prepare for 

obstacles, and help innovators identify areas for technological improvement.   

This chapter is divided into five sections, each discussing a set of different 

challenges faced by EGS projects:  

1. Induced seismicity, 

2. Drilling and plant operations, 

3. Reservoir creation and circulation, 

4. Geophysics, characterization and geomechanical modeling, and 

5. Regulations and finances. 
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2.3 Induced Seismicity and public concern 

At several sites across the world a causal link has been established between stimulation 

activities at EGS sites and increased seismicity (e.g., Baisch and Vörös 2010; Cladouhos 

et al. 2010; Evans et al. 2012; Majer et al. 2007). In sparsely populated areas, induced 

seismicity can have no impact on an EGS project as there are no nearby structures to be 

damaged or populations to feel the earthquake vibrations. In fact, microseismic events are 

beneficial for reservoir development and can help identify where reservoir stimulation has 

occurred (see Section 2.6.2), thus helping in targeting production wells (e.g., Cladouhos et 

al. 2013). At sites where the local population did feel induced seismicity, however, the 

seismicity has often posed a challenge for the EGS project. This section reviews two sites 

where seismicity caused damage and were shut down, three sites where induced seismicity 

did not cause damage but nevertheless necessitated resources for addressing public concern 

and seismic risk, and one site where fear of possible induced seismicity impacted the 

project before stimulation operations even began.   

Earthquakes have caused damage to buildings at the Pohang site in South Korea 

and Basel site in Switzerland. Most recently, in November, 2017, a 5.4 Mw (moment-

magnitude) earthquake occurred at Pohang (Lee et al., 2019a, 2019b; Zingg et al., 2019). 

Kim et al. (2018) calculated the epicenter of the earthquake as adjacent to one of the site’s 

stimulated wells. The earthquake caused structural damage of US$52M (Kim et al., 2018) 

and is the only event we have seen that also caused harm to people, injuring 90 people 

(Kim et al., 2018). Prior to the Pohang earthquake, the most notable earthquake induced by 

EGS operations was a 3.4 ML (local-magnitude) event in the Basel EGS site in December, 

2006 (Kraft et al., 2009; Mukuhira et al., 2013). The site was in an industrial zone in Basel 

and the earthquake was felt by the local population. The earthquake led to mainly 

nonstructural damage in buildings, such as plaster cracks on walls, and a total of US$7 M 

in claims paid by the operator’s insurance company (Kraft et al., 2009). The events even 

led to criminal prosecution of the operator director, though he was soon after acquitted as 

it was found that he did not act carelessly or deliberately damage buildings (Associated 

Press, 2009).  
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Induced seismicity was clearly the dominant reason for the closures of the EGS 

sites at Pohang and Basel. Three other EGS sites were also impacted by more minor 

induced seismicity. In St. Gallen, Switzerland, an injection test followed by an acid 

treatment was performed after drilling the first well. At that point, an over-pressured natural 

gas zone that was intersected in the subsurface caused an unwanted increase of well 

pressure (a “gas kick”) and a well control situation (Moeck et al., 2015). A day later a 3.5 

ML earthquake occurred  (Breede et al., 2013; Moeck et al., 2015). Remarkably, the project 

continued with a production test following this event, and retained solidarity from the 

public according to Moeck et al. (2015), possibly due to initial public engagement prior to 

the project. The project eventually ended mainly due to low flow rates, high volumes of 

natural gas, and low temperature measured in the production test (Moeck et al., 2015). 

Nonetheless, the risk of induced seismicity that might occur during further necessary 

stimulation of the underproductive well was still a secondary reason for the site closing 

(Moeck et al., 2015).  

Induced earthquakes occur during both circulation and stimulation. During 

circulation at the Landau project in Germany (Groos et al., 2013), two induced earthquakes 

with magnitudes of 2.7 ML and 2.4 ML that occurred in 2009 were felt by the local 

population and led to the suspension of the project (Vasterling et al., 2017). In response, 

the plant was only allowed to restart after purchasing €50 million of annual liability 

insurance (Breede et al., 2013; DiPippo, 2012) and the production rate of the plant was 

decreased to 55 liters/s (Vasterling et al., 2017). While the Landau earthquakes occurred 

during circulation, two induced earthquakes with local magnitudes of 2.2 and 2.4 occurred 

during reservoir stimulation in 2010 at the Insheim project in Germany (Groos et al., 2013). 

Seismicity was addressed by drilling a leg to the injection well and spreading the fluid flow 

between these two well bores (Breede et al., 2013). However, this did not completely solve 

the seismicity problem, and an additional 2.0 magnitude earthquake was felt following this 

solution implementation (Breede et al., 2013). At Soultz in France, earthquakes with 

magnitudes of 2.4 Mw and later 2.9 Mw occurred in 2002 and 2003, respectively, in 

proximity to reservoir stimulation operations (Majer et al., 2007). The felt earthquakes led 

to concerns from the local community around the site, followed by public meetings and an 



11 
 

investigation, even though no damage was caused. According to Majer et al. (2007), the 

public concerns led to some curtailment of stimulation activities at the site.  

At the Engineered Geothermal System Demonstration Project at the Northern 

California Power Agency (NCPA Geysers EGS), induced seismicity was an issue even 

before stimulation processes started (Breede et al., 2013). A New York Times article from 

2009 (Glanz, 2009) criticized the project for planning to fracture rocks even though such 

stimulations led to earthquakes three years prior in Basel. According to the project operator 

(Cladouhos et al. 2010; AltaRock Energy 2013), the negative public opinion against the 

project delayed the project and impacted its success.  

2.4 Drilling and Plant Operations 

In the examples included in this chapter, 24 sites out of 64 EGS sites (37%) have suffered 

from drilling, well completion, and well integrity obstacles. Though many of these issues 

are not theoretical impediments for EGS deployment, the prevalence of operational issues 

has led to substantial increases in the cost of EGS projects. Sections 2.4.1 through 2.4.9 

identify operational problems that occur during the drilling, completion and initial 

injectivity assessment phase, such as breaking equipment, lack of water, and bad weather. 

Sections 2.4.10 and 2.4.11 discuss operational issues during circulation and plant operation.     

2.4.1 Well integrity 

This section documents six sites with well integrity problems. A successful 

stimulation was performed at the well Rossi 21-19 in 1983 at the Beowawe Nevada site, 

increasing the injectivity 2.3 fold (Entingh, 2000). However, the project's success could 

not be measured with a production test. After the packer placed in the wellbore for 

stimulation was removed and surface equipment prepared, the well was kicked off using 

nitrogen lift. Once the nitrogen was shut off, the well stopped flowing (“died”). Using a 

temperature log, it was found that cold inflow from an upper section of the wellbore was 

quenching the well and preventing it from flowing on its own. This upper section was 

previously perforated and found impermeable, and it was thought it would not cause 

problems (Morris et al. 1984). A similar problem occurred at the Newberry, Oregon site in 
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the United States in 2012, where much of the stimulation fluid was escaping at two shallow 

leaks in the casing near the casing shoe, leading to an unsuccessful initial stimulation stage 

(Cladouhos et al., 2015). Leaking also occurred at Reykjanes, Iceland in 2017, when flow 

testing following the thermal stimulation was delayed by over a year due to leaking from 

damaged casing (Friðleifsson et al., 2019).  

EGS projects often do not have the funding to drill new wells and therefore often 

resort to using preexisting "wells of opportunity." At Raft River, Idaho, an existent well, 

RRG-9, was chosen to perform stimulation experiments in order to save the cost of drilling 

a new well. The original plan was to deepen the well. However, the deepening project failed 

due to the well condition, and instead needed to drill a sidetrack (Bradford et al., 2013). 

The well was eventually recompleted successfully, but at higher cost than originally 

planned.  

Well integrity issues may also develop during the stimulation phase. During a 

stimulation in Sumikawa, Japan, in 1989, several wells were thermally stimulated by 

injection of cold water into the reservoir. Following the stimulation, two out of the three 

stimulated production wells showed improved productivity. One well, SA-2, decreased in 

productivity. It was suspected that this may have been due to a casing break caused by the 

heating and cooling cycles (Kitao et al., 1990). At Desert Peak in the United States, a 

chemical stimulation experiment showed little improvement in injectivity. Upon 

investigating the matter, it was found that the bottom 208 ft of the wellbore, including an 

outflow zone, had caved in and filled the well with debris (Chabora et al., 2012). Chabora 

and Zemach (Chabora and Zemach, 2013) assessed that the chemical stimulation may have 

caused the wellbore instability. During a hydraulic well stimulation in Seltjarnarnes in 

Iceland, the well collapsed three times around the feed zones. It was determined that the 

collapse was due to material from around the feed zones entering the well (Tulinius et al., 

1996). Each time the well collapsed, the project would be slightly delayed, as the injection 

needed to be stopped in order to run a log that would determine the blockage depth and 

then the blockage would need to be cleaned out (Tulinius et al., 1996).  
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2.4.2 Lost/stuck equipment downhole 

Eight sites were delayed or terminated due to stuck equipment in the wellbore. As part of 

the Habanero project in Cooper Basin, Australia, the Habanero-1 well was drilled in 2003, 

followed by Habanero-2, which was completed in 2004. Pressure communication was 

observed between the two wells, and artesian flow of up to 25 kg/s was measured in 

Habanero-2. Circulation testing was planned between the two wells, but lost equipment 

downhole gradually prevented flow in Habanero-2, stalling the project (Tester et al., 2006).  

Savina-1 was another one of the wells that were part of the Cooper Basin project. 

Drilling of the well began in 2009 and continued until a depth of 3700 m when an over-

pressured fracture caused “differential sticking” of the drill string (Budd and Gerner, 2015), 

meaning the drill string could not be moved from its location due to the pressure 

differentials, and later cuttings and filter cake which accumulated around the string. Even 

though the well had high potential in terms of temperature at that depth, it was necessary 

to plug the well at 2640 m (Budd and Gerner, 2015). At the NCPA Geysers EGS site, in 

2009, a drill string also became differentially stuck when it encountered a fractured zone, 

necessitating the drilling of a side track. A mud motor and directional drilling equipment 

were also in the well at the time and the equipment could not be recovered (“fished”) due 

to various other complications in the bottomhole setup (AltaRock Energy, 2013). Drill 

pipes have also become stuck at the Soultz and Basel sites (Tester et al., 2006). At the Bad 

Urach project in Germany in 1992, a drill string ruptured while reaming the bottom of the 

Urach-3 well. While attempting to fish the drill string, the drilling line on the rig suddenly 

broke. This led to further complex fishing operations that were only partly successful 

(Tenzer et al. 1999). At Soda Lake, Nevada in the United States, delays from a fishing job 

as well as cold weather led to forgoing a well test prior to stimulation (Ohren et al., 2011). 

An EGS project at Coso, California, partially funded by the U.S. Department of 

Energy, targeted stimulation of well 46A-19RD, the hottest well ever drilled at Coso with 

maximum measured temperature of 327°C, but which was impermeable. To perform the 

stimulation, however, it was necessary to remove the slotted liner from the well. The 

drilling crew tried to pull the liner for a month, but did not succeed, and thus the project 

was terminated (Rose, 2012).   
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2.4.3 Breaking equipment  

Torn off drill rods in the borehole led, among other reasons, to the stop of the Bad Urach 

project (Breede et al., 2013). At the Rittershoffen project in France, during one of the 

production tests, the downhole pressure gauge stopped working, and therefore the 

downhole pressure buildup data could not be monitored and analyzed (Baujard et al., 2017). 

At Fenton Hill, a long term production test needed to be shut down due to the injection 

pumps failing (Tester et al., 2006). Malfunctions in the stimulation pumps interrupted a 

stimulation at Newberry (Petty et al., 2013) and Seltjarnarnes in Iceland (Tulinius et al., 

1996) and led to delays.  

3.3.1 Breaking equipment for zonal isolation 

Specifically, there have been multiple instances of breaking equipment used for zonal 

isolation, most commonly packers. At Fenton Hill, only six out of 11 packer operations 

were successful, while the rest of the time the packers either ruptured, leaked, or dropped 

down hole (Hammel, 1982). Similarly, packer failures have led to unsuccessful mini-frac 

diagnosis tests at Bad Urach, Solutz and Coso (Davatzes and Hickman, 2006; Klee and 

Hegemann, 1995). Recently, in 2018, a five-stage stimulation was performed in Otaniemi, 

Finland. During the stimulation, it was suspected (Kwiatek et al., 2019) that the frac port 

controlling the second stage malfunctioned, such that the third stage was also stimulated 

during the second stimulation phase.      

2.4.4 Equipment rated to correct pressure 

At Jolokia, Australia, the well head was planned based on an estimated fracture gradient. 

During the stimulation in 2008, the stimulation pressure reached the 69 MPa limit of the 

wellhead unit (Hogarth et al., 2016). The stimulation was unsuccessful. According to Budd 

and Gerner (Budd and Gerner, 2015), it is possible that higher pressures may have been 

able to better enhance permeability and the equipment pressure limitation was the cause of 

the unsuccessful stimulation. Similarly, at Newberry, the pressures necessary to improve 

the well injectivity were higher than initially predicted (Cladouhos et al. 2015). It was 

necessary to limit the injection pressure due to the technical limits of the pumps, well head, 

and surface piping, impacting the success of the stimulation (Cladouhos et al. 2015). At 



15 
 

Salak in Indonesia, the injection pressure during a thermal-hydraulic stimulation was also 

limited due to the operating limit of the wellhead unit (Yoshioka et al., 2019).   

2.4.5 Equipment designed for deviated wellbores 

At the Rittershoffen project in France, many logs were taken of the two geothermal wells 

to aid in subsurface characterization. However, according to Albert et al. (2015), most of 

the logging tools could not go through the open section of GRT-2 since it is significantly 

deviated.  

2.4.6 Lack of water 

The New York Canyon Stimulation project in the United States performed exploration and 

obtained permits for drilling. The area had an oversubscription of water rights and despite 

extended efforts, the lack of water that was needed for drilling and stimulation led to project 

termination in 2012 (Raemy, 2012). At the Bouillante project in the island of Guadeloupe, 

no fresh water was available so it was necessary to use sea water treated with scale inhibitor 

(Correïa et al., 2000). 

2.4.7 Overpressure 

Overpressure caused many issues in the Australian projects. During drilling in the Cooper 

Basin Habanero project, kicks (unwanted increases in well pressure) and mud losses 

occurred when the mud pressure was different from that in the over-pressured fault (Holl 

and Barton, 2015). Discovering that the fault zone was overpressured, the Habanero project 

needed to change to a 10,000 psi (69 MPa) blow-out preventer (Hogarth and Holl, 2017). 

In a different project in Australia, at Paralana, in 2009, the deviated section of the wellbore 

was unable to be cased due to over-pressure and consequent well breakouts, setting back 

the project (Reid et al. 2012). 

2.4.8 Weather conditions causing delays 

Weather conditions adversely impacted operations at Paralana, with rain and flooding 

occurring during different phases of the well construction and testing, increasing the cost 

of well construction, causing delays, and at times restricting access to the site (Budd and 
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Gerner, 2015). Cold weather at Soda Lake led to forgoing a well test prior to stimulation 

(Ohren et al., 2011). 

2.4.9 Performing two types of injectivity improvement operations 

without testing in-between 

In the Soda Lake project, two consecutive actions that may have improved the permeability 

were performed: the upper section of Well 41B-33 that was once cased was perforated and 

then a deflagration was performed at that perforated zone. Because there was no flow test 

in-between these actions, it was unclear whether productivity improvement in the well was 

due to natural permeability of the newly perforated upper section or due to the deflagration 

(Ohren et al., 2011). 

2.4.10  Fluid - casing chemical reactions 

At Habanero, Australia, after a successful circulation test between the wells Habanero-1 

and Habanero-3, in April 2009, there was a “sudden and violent” release of geothermal 

brine from Habanero-3, which continued to flow uncontrolled for 28 days (Geodynamics 

Limited, 2015). After a two-year investigation, it was concluded that the well failed due to 

stress corrosion cracking (Budd and Gerner, 2015). Specifically, “highly caustic fluids 

were remnant in the annulus between production and intermediate casings due to 

difficulties encountered while mixing slurry for cementation” in combination with high 

production temperatures caused the catastrophic well failure (Budd and Gerner, 2015).  

At the Genesys site in Hannover, Germany, fresh water was used for stimulation. 

Six months after the stimulation, a production experiment was initiated at the site. As the 

water rose to the surface, it cooled down and halite (salt) precipitated and led to the 

clogging of the tubing, suspending the project (Breede et al., 2013; Hesshaus et al., 2013). 

Scale was also an issue in Hijiori, Japan. Following thermal breakthrough in Hijiori, 

production fluid temperature decreased, and calcium carbonate precipitated and deposited 

scale in pipelines (Yanagisawa, 2015).  

At the Northwest Geysers, there were corrosion problems. The Northwest Geysers 

area has elevated chloride concentrations, which causes many corrosion related issues. The 
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EGS demonstration project increased the depth and recompleted two abandoned wells as 

an injector-producer pair (Garcia et al., 2015). The injection well was stimulated via 

injection of cold water into the subsurface to cause thermal cracking. The results showed 

increased permeability and successful circulation between the two wells from December 

2012 to February, 2013. Circulation was stopped due to near-surface corrosion of the well 

casing, which caused a steam leak. The producer well was shut in until a corrosion-resistant 

liner could be installed (Garcia et al., 2015). 

At the NCPA Geysers project, serpentine rock interacted with drilling water, 

causing borehole collapses (Cladouhos et al., 2010; AltaRock Energy 2013). At the same 

project, the cement type was inappropriate and set too quickly, resulting in the drill string 

being cemented in the hole (AltaRock Energy, 2013). These examples show the importance 

of evaluating water-rock-pipe-surface equipment interactions given a full range of potential 

production temperatures and fluid chemistries. 

2.4.11  Radioactivity 

Rocks contain naturally occurring radioactive elements. High temperature geothermal 

fluids can lead to leaching of these elements into the geothermal fluid, which is then 

pumped to the surface facilities (Breede et al., 2013). Cuenot et al (2015) write that low 

levels of radioactivity have been found at Soultz. The relatively higher levels of radiation 

were found on the reinjection line, where the cold fluid led to the precipitation of sulfates 

and sulfides which trap radionuclides (Cuenot et al., 2015). To comply with the French 

National Agency for Nuclear Safety, Soultz operators had to set up radiation protection 

procedures, especially for personnel working on tasks that require contact with possibly 

radioactive material, such as cleaning filters and heat exchangers or dismantling pipes 

(Cuenot et al., 2015).  

2.5 Reservoir Creation and Circulation 

The main goal of an EGS is to create a low-impedance connection between the injector and 

the producer that will allow for high flow rates, minimal thermal drawdown, and minimal 

water loss. The creation of an EGS reservoir that meets those targets is a delicate manner, 
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which involves balancing competing concepts. For example, a strong connection between 

an injector and a producer can be ensured by placing the wells closer to each other. Yet, if 

the wells are too close, there is a high risk of faster thermal breakthrough. Injecting at high 

pressures can increase flow rates but may also increase water loss. A successful stimulation 

may decrease the reservoir impedance, but if the stimulation is not spread across multiple 

zones, preferential pathways may form, which will then lead to faster thermal breakthrough. 

Balancing these tasks has proven challenging at many EGS sites. 

The first five sections that follow highlight three main challenges in reservoir 

creation and circulation that are illustrated in Figure 2.2. Section 2.5.1 describes sites where 

there was minimal connectivity between the injection and production wells, a scenario 

illustrated in Figure 2.2 (a). Section 2.5.2 describes a common byproduct of having no 

connectivity between wells, which is that injected water is lost to different zones around 

the reservoir. Sections 2.5.3 and 2.5.4 list sites where there was insufficient injectivity 

improvement (Figure 2.2 (b)). Section 2.5.5 discusses sites that experienced thermal short 

circuiting, a phenomena visualized in Figure 2.2 (c). 

 
Figure 2.2: Illustration of three common challenges when creating an EGS reservoir. 

2.5.1 No connectivity between the injection and production zone 

At the Horstberg site in Germany, a single well concept was tested, where an inclined well 

was stimulated at its bottom. Vertical fractures forming as a result of the stimulation were 

expected to connect to a more porous zone above the bottom of the well. Even though the 
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stimulation did create an extended fracture, there was still insufficient communication 

established between the injection and production zones (Tester et al., 2006).  

This issue of connectivity was notably present in the initial stages of EGS projects 

at Fenton Hill, Rosemanowes, and Hijiori where production wells were drilled prior to 

stimulating the injection well and analyzing the location of the stimulated zones (Tester et 

al., 2006). These projects then needed to perform additional costly drilling to target the 

zones that were actually stimulated.  

2.5.2 Water loss 

Water loss occurs when fluid injected into the EGS is not recovered at the 

production well, instead escaping from the injection well into different directions away 

from the production well (Figure 2.2 (a)). At least five sites have experienced water loss, 

including Ogachi, Hijori, Fjällbacka, Falkenberg, and Rosemanowes. Water loss at the 

Ogachi site was a dominant reason for termination of the project. An injection well was 

stimulated at the site and then a production well was drilled into the stimulated zone area, 

at a distance of 80m at depth from the injection well (Kaieda et al., 2005). Even though the 

wells were close, during the first circulation test, water recovery was only 3%, meaning 

97% of the water was lost to the outside reservoir. After multiple stimulations and 

circulation tests, the maximum achievable water recovery rate was 32% (Kaieda et al., 

2005). Similarly, at Fjällbacka, Sweden, the distance between the injection and production 

wells was 100 m and the fluid recovery rate was only 50% (Wallroth et al., 1999). At Hijiori, 

various circulation test configurations led to water recovery rates between 45% and 70% 

(McLing, 2017; Tester et al., 2006). During one of the circulation tests at Rosemanowes, 

loss of circulating fluid was estimated to be 70% (Parker, 1999). At Falkenberg, the water 

loss was considerable, reaching 60% to 100% (Dalgleish et al., 2007). These water loss 

percentages can be compared to a water loss rate of 7%-11.7% at Fenton Hill (Brown, 

1994), which has set the standard for reasonable water loss rates. 

2.5.3 Insufficient injectivity improvement for commercial operation 

Sometimes stimulations can lead to substantial increase in injectivity. However, wells with 

initial low injectivities may not reach commercial levels even after several multiples of 
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injectivity improvement. At the Bradys Hot Springs EGS project, well 15-12 ST1 had an 

initial injectivity of 0.047 gpm/psi. After wellbore stimulation, a long-term injection test 

was conducted, and the injectivity was measured as 1.4 gpm/psi. Even though this is a 

significant 30-fold increase in injectivity, it did not meet the goal of an injectivity of 10 

gpm/psi for a commercial well at the Bradys field (Drakos and Akerley, 2017).  

2.5.4 Negligible increase in injectivity for unclear reasons 

At Jolokia, despite an extended stimulation at high pressure, the flow rate only reached a 

maximum of 7 l/s at 69 MPa well head pressure, an injectivity of approximately 0.011 

gpm/psi (Hogarth et al., 2016). Such situations have also occurred during chemical 

stimulations. Even though chemical stimulations have been shown to be successful in many 

geothermal fields throughout the world, acidizing treatments led to no increase in 

productivity at the Geysers, Baca, and Fenton Hill geothermal fields (Sandrine et al., 2007). 

2.5.5 Thermal short circuiting 

Thermal short circuiting occurs when a preferential high permeability path forms between 

the injector and producer, as illustrated in Figure 2.2 (c). Injected fluid flows mainly 

through this path, cooling down the rock around the path, and eventually leading to 

production of cold temperature fluid. In addition, short circuiting decreases residence time 

and area for heat transfer. This is what most likely occurred in at least four EGS projects. 

During the first phase of the Fenton Hill project, a circulation test was conducted between 

wells EE-1 and GT-2 for 75 days. The production temperature decreased from 175°C at 

the beginning of the test to 85°C at its end, possibly because the reservoir may have 

consisted of a single 300 ft (100 m) vertical joint and therefore did not access sufficient hot 

surface area (Brown et al., 2012). At Rosemanowes in England, during a period of a long 

term flow test, temperatures decreased from  80.5°C to 70.5°C, which has been attributed 

to a formation of a short circuit (Tester et al., 2006). Similarly, during a long term flow test 

in the Hijiori project in Japan, the production temperature cooled from an initial 

163°C to about 100°C (Tester et al., 2006). At Bacman in the Philippines, ten wells were 

chemically stimulated with acid. After the stimulation of injector well PN-2RD, its 

injectivity increased by 367% and the operator was able to inject 187 kg/s of water into it. 
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The connectivity, however, to nearby production wells was too direct and eventually led to 

a reduction in production temperatures. Therefore, the injection rate was reduced down to 

70 kg/s (Buning et al., 1995).   

2.5.6 Reservoir consisting of a single large fault structure instead of 

multiple zones 

Having a single fault structure instead of multiple zones is linked to the possibility of 

thermal short circuiting. When most of the flow goes through a single structure, the surface 

area available for heat exchange is limited, which may lead to thermal short circuiting if 

flow rates are too high. At Soultz, a single zone in well GPK-3 controls 70% of the flowrate 

in the well (Albert et al., 2015). Similarly, the Habanero reservoir in Australia was deemed 

to be a single preexisting fault, where most of the injected fluid during circulation would 

flow between the wells along the fault (Geodynamics Limited, 2015). This went against a 

previous hypothesis at the site that fractures would be stimulated at multiple depths in the 

granite rock. This finding resulted in significantly lower estimated values of potentially 

recoverable thermal energy (Geodynamics Limited, 2015). 

2.5.7 Interplay of water loss and pressure-dependent permeability  

Several sites, most notably Rosemanowes and Fenton Hill, experienced pressure-

dependent permeability. At both of these sites, Tester et al (2006) observed that under high 

injection pressures during circulation, fractures in the subsurface would open and the 

injectivity of the reservoir would increase. At Rosemanowes, the high pressures led to 

continued fracture growth and higher water loss. As soon as pressures were lowered, 

though, the fractures would close and the flow rate would decrease substantially (Tester et 

al., 2006). The pressure dependence of the permeability meant that energy consuming 

injection pumps needed to be run continuously, significantly lowering the energy 

efficiency potential of the site (Tester et al., 2006).   

2.5.8 Sustainability of stimulated permeability 

Related to the issue of the pressure dependence of permeability is the question of whether 

stimulated fractures retain their permeability once high-pressure injection is completed. 
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Following a set of hydraulic stimulations in 2002 at Bad Urach, flow tests showed an 

increase of transmissivity by a factor of 2.9 (Stober, 2011). During a pumping test in 2003, 

however, the transmissivity returned close to its original levels, indicating that the 

permeability improvement was not permanent (Stober, 2011). On the other hand, in other 

areas, the opposite effect has occurred: where continual circulation increased the 

permeability over time. For example, at Hijiori, during a year-long circulation test, the 

pressure required for fluid injection dropped from 84 to 70 bar, indicating increased 

injectivity (Tester et al., 2006). A similar phenomena of circulation increasing reservoir 

size has also been noted at Soultz (Doughty et al., 2018; Tester et al., 2006).         

2.5.9 Stimulation with proppant and gel 

Proppant has been used at nine EGS sites at least, including: East Mesa, Raft River, Baca, 

Le Mayet, Fenton Hill, Groß Schönebeck, Hachimantai, Bad Urach, and Rosemanowes, 

mostly leading to positive results (Entingh, 2000; Niitsuma, 1989; Stober, 2011; Tester et 

al., 2006). At Rosemanowes, lowering the production pressures increased the system 

impedance, as joint apertures were assessed to be closing at lower pressures (see Section 

2.5.7). To keep the joints open, proppant was injected into the formation using a high 

viscosity gel. The proppant worked better than planned, significantly reducing the 

impedance as well as water loss. The proppant, however, exacerbated the thermal short 

circuiting (Tester et al., 2006). At Raft River, following well stimulation with proppant, 

during a flowback period, the well produced substantial quantities of proppant. It was 

necessary to wait ten days for the flow of proppant to diminish and be able to continue 

downhole operations (Verity, 1980). At Le Mayet, sand and gel were injected during a 

stimulation test, but after 300 kg of sand were injected, the sand plugged up the wellbore 

and later needed to be cleaned out (Cornet, 1987). 

2.5.10  Temperature loss to rock surrounding the wellbore 

During a 55-day flow test at Fenton Hill, the surface temperatures dropped. The hypothesis 

was that the low flow rates resulted in heat loss to zones around the wellbore (Tester et al., 

2006). 
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2.5.11  Explosive stimulations risk creating near-wellbore damage 

Los Alamos National Laboratory conducted an explosive stimulation in a well in the 

Geysers, California in the United States in 1981, detonating 5000 kg of explosives at 1697 

m depth in a well owned by Unocal. Instead of increasing permeability, the explosives led 

to a 35% reduction in steam flow rate, attributed by researchers to blockage of steam entry 

zones by rubble (Entingh, 2000). 

2.6 Geophysics, Characterization and Geomechanical 

Modeling 

Many troubles in the process of creating a reservoir may be due to an incorrect 

understanding of the subsurface, including both the characterization of subsurface 

properties as well as prediction of subsurface response to stimulation activities. Subsurface 

characterization has been challenging due to issues in both collecting as well as analyzing 

geophysical and well data, as discussed in Sections 2.6.1 through 2.6.4. Issues with 

theoretical understanding of fracture propagation in response to stimulation in the presence 

of preexisting natural faults, has led to nonideal planning of EGS stimulation, as discussed 

in Section 2.6.5.     

2.6.1 Issues with borehole data acquisition and interpretation 

At Habanero, Australia, the quality of image logs was poor due the presence of barite mud 

in the wellbore which decreases the imaging capability of the acoustic borehole imaging 

tool (Bendall et al., 2014). An acoustic borehole imaging tool was also used to detect 

fractures at Jolokia, Australia. A “mud excluder” was used during the logging operation to 

address the issue of the image quality, but the solution did not work and the image quality 

remained poor (Hogarth et al., 2016). Also, at Jolokia, it was found that the data quality 

from a cross-dipole full waveform sonic log degraded with depth. Hogarth et al. (2016) 

associated this phenomena with the “gradual thermal degradation of the wireline cable.” 

At Groß Schönebeck in Germany, there have been issues with data transfer to surface from 

some of the well tools (Breede et al., 2013). 
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There have also been challenges in well-log interpretation. Image logs record 

fractures along the wellbore, yet it was observed at the Habanero site that many of the 

fractures identified in the image logs, even if they have high slip likelihood, were not 

hydraulically conductive (Bendall et al., 2014; Hogarth and Holl, 2017). A similar 

observation was made at Soultz, where the well intersected thousands of natural fractures, 

but only few of them showed evidence of permeability during drilling from mud loss 

measurements (Jean, 2015).  

A number of EGS projects (e.g., Newberry, Raft River) have deployed fiber optic 

cable in boreholes to continuously monitor temperature changes throughout the stimulation 

process using distributed temperature sensing (DTS). Such monitoring can provide insights 

into where injected fluids are entering the formation, thus pinpointing zones where 

stimulation has occurred. However, if the fiber breaks or if it degrades over time due to the 

elevated temperature conditions, this information can be lost (Cladouhos et al., 2016).  

One of the most important attributes of an EGS reservoir is its temperature. It is 

important to estimate the subsurface temperature while drilling in order to be able to 

determine when the temperature is sufficient for stopping to drill. It may be difficult, 

however, to determine the true bottom-hole temperature during drilling. Mud circulation 

during drilling decreases the temperature inside the wellbore, and it may take several days 

or longer for the wellbore to return to the subsurface in-situ temperature conditions. At the 

FORGE project in the United States, an initial observation well was drilled and different 

types of temperature data were collected during intermissions in drilling. Allis et al. (2018) 

report that the task of estimating the natural (undisturbed) bottom hole temperature while 

drilling was challenging.     

2.6.2 Microseismic monitoring 

The success and location of a stimulation is often assessed via monitoring the acoustic 

emissions from microearthquakes. The microseismicity, however, may be an inaccurate 

proxy for enhanced permeability. At the Paralana, Australia, EGS site, it was found that 

the cloud of seismicity extended further than the area that had its permeability enhanced 

(Riffault et al., 2018a). In addition, in scenarios where a well had been previously 

stimulated, the microseismicity may also not be accurate. During the re-stimulation of 
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Habanero-1 in Australia, the immediate vicinity of the injection well showed no 

microseismic events, possibly due to the Kaiser effect, where seismicity only begins near 

the outer rim of the zones of past seismic activity (Baisch et al., 2009). At Soultz, well 

GPK4 was drilled into a subsurface zone where many microseismic events were detected, 

indicating that the zone was stimulation. Even so, the well did not show good connectivity 

to other wells even after stimulation (Tester et al., 2006).   

Microseismicity can be impacted by noise. At Desert Peak, several of the 

monitoring geophones were initially placed on the surface, but surface noise was observed 

in the measurements (Chabora et al., 2012), leading to a recommendation by Chabora et al. 

(Chabora et al., 2012) to place the geophones in boreholes. In addition, at Desert Peak, 

Chabora et al. (Chabora et al., 2012) recommended to improve microseismicity analysis 

algorithms to better filter false triggers and better identify small events that are less than 0 

moment magnitude.  

2.6.3 Injectivity tests may not reflect final productivity in high 

temperature wells 

The success of a stimulation is often measured via an injectivity test at the end of 

stimulation. Injectivity improvement, however, may not have a one-to-one relationship 

with productivity improvement. At Reykjanes, it was observed that high injectivity wells 

have a productivity that is higher than the measured injectivity following stimulation, while 

wells with the lowest injectivity have even lower productivity during the production tests 

(Axelsson and Thórhallsson, 2009).   

2.6.4 Incorrect subsurface models  

In predicting reservoir response to stimulation, both a numerical model (discussed in 

Section 2.6.5) and the subsurface parameters (discussed here) are necessary. Incorrect 

assessments of subsurface parameters have affected many sites. At Fenton Hill, an 

unexpected change in the stress field led to the stimulated zone not connecting the injector 

and producer (Tester et al., 2006). Similarly, at Rosemanowes, shallow stress 

measurements at 300m test wells did not correspond to stress measurements at the reservoir 

creation depth (Tester et al., 2006). The unexpected presence of natural faults at 
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Rosemanowes, and most probably other sites, led to water loss and propagation of the 

stimulated zone in unexpected directions (Tester et al., 2006). At both Jolokia and 

Newberry, as mentioned in Section 2.4.4, incorrect characterization of the stress state and 

prediction of the pressure at which stimulation would occur led to equipment that was not 

rated for sufficiently high pressure (Budd and Gerner, 2015; Cladouhos et al., 2016).   

2.6.5 Prediction of stimulation behavior  

In an EGS context, the task of a numerical simulator is to predict the fracture development 

in response to different stimulation operations and subsurface characteristics. Throughout 

the history of EGS experiences, there have been sites where the predicted stimulated zone 

did not match the actual stimulated zone, which negatively impacted the success and 

predictability of the projects. This discrepancy is sometimes attributed to incorrect 

geomechanical modeling of fracture propagation in the presence of natural fractures.  

Tester et al. (2006) suggest that incorrect prediction of the direction of reservoir growth at 

Rosemanowes was due, amongst other reasons, to incorrect prediction of the dominant 

mode of fracturing (tensile vs. shear vs. mixed) in geothermal reservoirs with preexisting 

natural fractures. The topic of different modes of hydraulic stimulation is discussed in 

McClure and Horne (2014) regarding several EGS sites and by Norbeck et al. (2018) 

regarding Fenton Hill. 

Often, only a single simulation of the reservoir response to stimulation is performed, 

and this may lead to false confidence in future stimulation results. At Klaipėda, Lithuania, 

it was predicted that a project to enhance permeability in a wellbore via radial jet drilling 

would lead to a 57% increase in injection rate compared to the unstimulated well. The 

stimulation resulted in an increase of 14%. It was found in later analysis that model 

predictions were highly sensitive to several parameters, such as the lateral inclination of 

the jet, where each sensitive parameter could change the injectivity by over 10% if it varied 

slightly (Nair et al., 2017). 
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2.6.6 Drilling long wellbore sections without a substantial increase in 

temperature 

Enhanced geothermal systems are both a technical and economic venture. The technical 

decisions need to be cost effective. At Soultz, wells were drilled to five km depth. The 

initial temperature gradient for the first 1000 m is 110°C/km, then the 1000-3500 m section 

has a thermal gradient of 5°C/km, and the bottom of the well has a gradient of 30°C/km 

(Albert et al., 2015). Therefore, it was necessary to drill approximately 3300 m (from 1700 

m to 5000 m) for an increase in temperature from 140°C to 200°C. According to Genter et 

al. (2015), it may have been more economic to target a well at lower temperature and 

shallower depth, also because those zones had more initial natural permeability. Prior 

subsurface prediction, if possible, of the temperature gradient per depth may perhaps be 

able to alleviate this issue in the future.    

2.7 Regulations and Finances 

Regulatory and financial issues have stymied EGS projects. EGS projects are still high risk 

ventures and thus the financial challenges can be substantial. In addition, regulatory 

processes have delayed or terminated EGS projects. Sections 2.7.1 through 2.7.3 detail 

regulatory issues. Sections 2.7.4 through 2.7.6 detail financial issues.   

2.7.1 Regulatory permission to exceed certain pressures 

Regulatory agreements specified at Newberry that the stimulation pressures cannot exceed 

210 bar (3000 psi) and this limited the stimulation success (Cladouhos et al., 2015).  

2.7.2 Slow and complicated permitting process 

As part of the DEEPEGS project, two geothermal demonstration sites were planned in 

France. Even though exploration licenses for those two sites were secured, many 

challenges in obtaining the drilling licenses for those sites led to the cancellation of the 

demonstrations at those locations. Bogason et al. (2019) attributed the licensing troubles to 

lack of staff experienced with geothermal projects at the regulatory body.  
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2.7.3 Standard geothermal permitting restrictions  

Site selection for an EGS may be influenced, like any other geothermal development, not 

only be technical consideration, but also by ease or possibility of permitting. At the South 

Hungary EGS Demonstration, the site selection was influenced among other considerations 

by permitting restrictions on drilling near archeological sites, natural features, and water 

resources, as well as production rights in the different areas (Garrison et al., 2016). 

2.7.4 Lack of financing and economic uncertainties 

In the end, most abandoned projects also failed due to financial constraints. A notable 

situation where this has occurred is at the Paralana site. The site demonstrated a successful 

stimulation, and needed to raise an additional $5 million in equity to receive a $13 million 

grant awarded by the Australian Renewable Energy Agency (ARENA) as well as qualify 

for a $24.5 million Renewable Energy Development Program (REDP) grant, but did not 

succeed in raising the $5 million necessary (Francisco Rojas, 2014). This was also 

attributed to the Global Financial Crisis (GFC) which reduced the availability of risk capital 

(Budd and Gerner, 2015). Other finance-related issues were brought up by Budd and 

Gerner (2015) in relation to the faltering of Australian EGS projects: a decrease in power 

demand in Australia, increase in the cost of rigs due to the demand from other markets such 

as the US shale market, and uncertainties relating to governmental programs benefitting 

renewable energy, including a carbon tax.   

2.7.5 High cost of drilling 

The cost of drilling and stimulation can reach to over 50% of an EGS project (Yost et al. 

2015). Tester et al. (2006) listed the cost of drilling as one of three major issues remaining 

at the end of the Fenton Hill project as a barrier to EGS commercialization. At Habanero, 

the well failure of H03 and the difficult drilling environment led the project operator 

Geodynamics to invest in designing a well that would eliminate well integrity issues 

(Geodynamics Limited, 2015). The drilling of H04 was successful, but came at a cost of 

AUD50.5M (USD34.4M) (Budd and Gerner, 2015). According to Geodynamics 

(Geodynamics Limited, 2015), however, lessons learned from the drilling would reduce 

the expected cost of a future well to approximately AUD16.5M (USD11.25M).     
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2.7.6 Need for transmission lines 

Constructing an EGS in a remote area is beneficial for addressing concerns of induced 

seismicity, but could be problematic if there are no nearby transmission lines. Construction 

of transmission lines would greatly increase the project expense. Both the Paralana and 

Cooper Basin projects in Australia would have necessitated large transmission line 

construction (Ward, 2010).       

2.8 Discussion and Conclusion 

This chapter has discussed the challenges faced by EGS projects worldwide, split into five 

subtopics: induced seismicity, drilling and plants operations, reservoir creation and 

circulation, geophysics and characterization, and regulations and finances. This review 

found 24 sites that have had drilling and plant operation issues, six sites that were affected 

by induced seismicity, and 18 sites that were challenged by reservoir creation. These counts 

are shown in Figure 2.3. The count only covers instances of challenges found in the process 

of writing this chapter, and thus represents a minimum count. Despite all these potential 

roadblocks, this review also found that many of the stimulation experiments were 

successful, and 29 sites are still active and improved today due to EGS technology, see the 

Appendix. Future interesting work could discuss individual items brought up in this review 

in a more comprehensive manner. As examples: what sites attempted multizone isolation 

and what were the results? What operational problems are still an issue given current 

technological and procedural advances? 

 

Figure 2.3: Bar chart of the number of sites that have faced challenges of different types in creating an 

EGS, as well as the number of sites that were successful and are operating. 
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2.9 Appendix 

Table 2.1 lists the name, location, starting year, and stimulation type of the EGS sites, as 

well as an indication of whether the project was successful and still operating. The 

stimulation type acronyms are as follows: H: Hydraulic, C: Chemical, T: Thermal, E: 

Explosive, Cyc: cyclic pressure loading and J: Jetting. References for the different sites are 

in the right column. Some additional sites of interest that are not listed in this table are 

prospective sites for the DESTRESS project, such as the Mezöbereny site in Hungary, see 

Huenges et al. (2018). In addition, some past prospective EGS projects from Australia, 

such as Hunter Valley, are also not listed, see Ward (2010). 

Table 2.1 Timeline of EGS projects and their commercial success 

 Name Location 
Year 

Start 
Type 

Stimulation 

successful and EGS 

part of the field still 

operating? 

Reference 

1 Mosfellssveit Iceland 1970 TH Yes 
(Tomasson and 

Thorsteinsson, 1978) 

2 Fenton Hill 

New 

Mexico, 

USA 

1973 HC No (Brown et al., 2012) 

3 Bad Urach Germany 1977 H No (Stober, 2011) 

4 Falkenberg Germany 1977 H 
No – shallow research 

facility 
(Dalgleish et al., 2007) 

5 Rosemanowes  UK 1977 HE 
No – below 100°C 

research facility 

(Batchelor, 1987; Tester et al., 

2006) 

6 Le Mayet  France 1978 H 
No – shallow research 

facility 

(Cornet, 1987; Cornet and 

Morin, 1997) 

7 East Mesa 
California, 

USA 
1980 H 

Stimulation was 

commercially 

successful. Unclear if 

specific stimulated 

wells are in operation 

today. 

(Entingh, 2000) 

8 Krafla Iceland 1980 T Yes 
(Axelsson and Thórhallsson, 

2009) 
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9 Baca 

New 

Mexico, 

USA 

1981 H No (Entingh, 2000) 

10 Geysers Unocal 
California, 

USA 
1981 E No (Entingh, 2000) 

11 Beowawe 
Nevada, 

USA 
1983 H 

Stimulation successful, 

but well had integrity 

issues. Unknown if 

fixed. 

(Entingh, 2000) 

12 Fjällbacka Sweden 1984 HC 
No – shallow research 

facility 
(Wallroth et al., 1999) 

13 Hijiori  Japan 1985 H No (Matsunaga et al., 2005) 

14 Soultz  France 1986 HC Yes (Genter et al., 2010) 

15 Altheim Austria 1989 C Yes (Pernecker, 1999) 

16 Hachimantai Japan 1989 H 
No – shallow research 

facility 
(Niitsuma, 1989) 

17 Ogachi  Japan 1989 H No (Ito, 2003) 

18 Sumikawa Japan 1989 T Yes (Kitao et al., 1990) 

19 Bacman Philippines 1993 C Yes (Buning et al., 1995) 

20 Seltjarnarnes Iceland 1994 H Yes (Tulinius et al., 1996) 

21 Mindanao Philippines 1995 C Yes (Buñing et al., 1997) 

22 Bouillante France 1996 T 

Stimulation increased 

injectivity. Unknown if 

stimulated well was 

connected to plant.  

(Correïa et al., 2000; Sanjuan 

et al., 2010) 

23 Leyte Philippines 1996 C Yes (Malate et al., 1997) 

24 
Groß 

Schönebeck 
Germany 2000 HC 

Yes – three binary units 

totaling ~1MW 

installed. Not clear if 

still operating.  

(Zimmermann et al., 2010) 

25 Tiwi Philippines 2000 C Yes (Ontoy et al., 2003) 

26 Berlin El Salvador 2001 C Yes 
(Barrios et al., 2002; 

Monterrosa, 2002) 
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27 
Cooper Basin: 

Habanero 
Australia 2002 H No (Geodynamics Limited, 2015) 

28 
Cooper Basin: 

Jolokia 1 
Australia 2002 H No (Geodynamics Limited, 2015) 

29 Coso 
California, 

USA 
2002 HC 

Yes - 1993 chemical 

stimulations and 

hydraulic stimulation 

of 34A-9 

No - 2005 34-9RD2 

intended stimulation 

(Evanoff et al., 1995; Rose, 

2012; Rose et al., 2005) 

30 Hellisheidi Iceland 2003 T Yes (Bjornsson, 2004) 

31 
Genesys: 

Horstberg 
Germany 2003 H No (Tischner et al., 2010) 

32 Landau Germany 2003 H Yes (Schindler et al., 2010) 

33 Unterhaching Germany 2004 C Yes (Sigfússon and Uihlein, 2015) 

34 Salak Indonesia 2004 
CTH

Cyc 

Perhaps – 2004 

Unknown if stimulated 

well was then 

connected to plant. 

Yes – 2008 thermal, 

hydraulic and cyclic 

pressure loading 

stimulation. 

Yes – 2012 hydraulic. 

(Pasikki and Gilmore, 2006; 

Yoshioka et al., 2019, 2015) 

35 Olympic Dam Australia 2005 H No 
(Bendall et al., 2014; Meyer et 

al., 2010) 

36 Paralana Australia 2005 HC No 

(Albaric et al., 2014; Peter 

Reid, Mathieu Messeiller, 

2012) 

37 
Los 

Azufres 
Mexico 2005 C Yes (Armenta et al., 2006) 

38 Basel  Switzerland 2006 H No (Häring et al., 2008) 

39 Lardarello Italy 2006 HC 
No – 1983 hydraulic 

Yes – 2006 chemical 

(Cataldi and Calamai, 1983; 

Sandrine et al., 2007) 
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40 Insheim Germany 2007 H Yes (Küperkoch et al., 2018) 

41 Desert Peak  
Nevada, 

USA 
2008 HC 

Stimulation was 

successful, but do not 

know if well was put in 

regular operation. 

(Chabora et al., 2012)  

42 
Brady Hot 

Springs 

Nevada, 

USA 
2008 H No (Drakos and Akerley, 2017) 

43 
Southeast 

Geysers 

California, 

USA 
2008 H No (AltaRock Energy, 2013) 

44 
Genesys: 

Hannover 
Germany 2009 H No (Tischner et al., 2013) 

45 St. Gallen Switzerland 2009 HC No (Moeck et al., 2015) 

46 
New York 

Canyon 

Nevada, 

USA 
2009 H No (Raemy, 2012) 

47 
Northwest 

Geysers 

California, 

USA 
2009 T 

Stimulation successful, 

but well had integrity 

issues. Unknown if 

fixed. 

(Garcia et al., 2015) 

48 Newberry 
Oregon, 

USA 
2010 H No (Cladouhos et al., 2016) 

49 Mauerstetten Germany 2011 HC No 
(Mraz et al., 2018; 

Tamaskovics et al., n.d.) 

50 Soda Lake 
Nevada, 

USA 
2011 E 

Stimulation was 

successful, but not 

known if well was put 

in regular operation. 

(Ohren et al., 2011) 

51 Raft River Idaho, USA 2012 HT 
No – 1979 

Yes – 2012  

(Bradford et al., 2015; 

Campbell et al., 1981) 

52 Blue Mountain 
Nevada, 

USA 
2012 H Yes (Petty, 2016) 

53 Rittershoffen  France 2013 THC Yes (Baujard et al., 2017) 

54 Klaipėda Lithuania 2015 J 

Slight improvement. 

Unclear if stimulated 

well is operational. 

(Nair et al., 2017) 
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55 Otaniemi  Finland 2016 H 

Successful stimulation 

of first well. Drilling of 

second well in 

progress. 

(Ader et al., 2019; Kwiatek et 

al., 2019) 

56 
South Hungary 

EGS Demo 
Hungary 2016 H 

Status unclear. Project 

was awarded up to 

EUR 39.3M from the 

EU NER program. 

(Garrison et al., 2016; 

NER300, 2018; Sigfússon and 

Uihlein, 2015) 

57 Pohang South Korea 2016 H No (Kim et al., 2018)  

58 FORGE Utah Utah, USA 2016 H In progress (Moore et al., 2019) 

59 Reykjanes Iceland 2017 T 
Unclear – Pre 2006  

In progress - 2017 

(Axelsson and Thórhallsson, 

2009; Friðleifsson et al., 

2019) 

60 Roter Kamm 
Schneeberg, 

Germany 
2018 H In progress 

(Hlousek et al., 2015; Wagner 

et al., 2015) 

61 United Downs Redruth, UK 2018 H In progress 
(Bridgland 2011; Ledingham 

et al. 2019) 

62 Eden 
St Austell, 

UK 
2018 H In progress 

(Project, 2019; Sigfússon and 

Uihlein, 2015) 

63 Qiabuqia China 2018 TH In progress (Lei et al., 2019) 

64 Vendenheim France 2019 ? 
In progress – DeepEGS 

demo 
(Bogason et al., 2019) 
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Chapter 3 

3 Accounting for subsurface uncertainty 

in enhanced geothermal systems to 

make more robust technoeconomic 

decisions 

3.1 Preamble 

It has been estimated that Enhanced Geothermal Systems could supply 100 GWe (10%) of 

total electric capacity in the U.S. An Enhanced Geothermal System (EGS) is created by 

stimulating an impermeable hot rock, injecting cold water into the hot reservoir, and 

extracting the heated water to generate electricity. EGS projects are still not commercially 

feasible, however, due to many challenges, including subsurface uncertainty. There are 

many uncertain structural and geological features when creating an EGS. With uncertain 

reservoir properties, it is difficult to optimize decisions that will greatly improve EGS 

profitability. Currently, a common method to optimize an EGS is by choosing the most 

representative subsurface reservoir model and optimizing the engineering parameters for 

this single reservoir model, or Single-Model Optimization (SM-Opt). Due to the 

availability of larger computational power, another feasible option is accounting for 

subsurface uncertainty by optimizing an EGS given an ensemble of reservoir models, or 

Multiple Model Optimization (MM-Opt). This option is less common in practice within 

the geothermal industry since it lags in harnessing computational power. This study 

compares these two methods for optimizing eight common EGS engineering decisions, 

including well configuration and fracture spacing. The decisions were optimized to 

maximize the Net Present Value (NPV) of an EGS. We have found that using SM-Opt, the 

optimal engineering decisions led to an EGS with a NPV estimate of $32.7 million. This 
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contrasts with the MM-Opt results where the optimal engineering decisions led to a median 

NPV value of $11 million and a standard deviation of $15 million. This comparison 

illustrates how ignoring subsurface uncertainty and heterogeneity leads to over-optimistic 

NPV forecasts. For this study, the SM-Opt optimum decisions were similar to the robust 

decisions identified using MM-Opt. Even though the parameter values were similar, the 

MM-Opt workflow provided uncertainty ranges on the NPV estimates and an analysis of 

the influential parameters, which was used to ensure decision robustness.  

3.2 Introduction – Enhanced Geothermal Systems (EGS) 

Sixty-five percent of greenhouse gas emissions result from fossil fuel combustion and 

industrial processes (Pachauri et al., 2014). To mitigate global warming, we must reduce 

the use of fossil fuels and transition into low carbon renewable energy sources. Solar and 

wind energy facilities are rapidly expanding but are insufficient as sole energy sources due 

to their intermittency and dependence on weather conditions. Geothermal energy is a clean 

(almost zero carbon emissions) renewable energy that can complement fluctuating 

renewable sources by operating flexibly and providing energy at times when there is 

insufficient contribution from solar and wind energy.  

Currently, geothermal energy provides only 0.2% of the total U.S. energy 

consumption (U.S. Energy Information Administration, 2016). The expansion capability 

of geothermal energy is limited in both size and geography to areas with certain 

characteristics. Conventional geothermal systems (hydrothermal systems) require three 

criteria: a source of high temperature, in-situ water, and a permeable reservoir. In 

hydrothermal systems, sources of high temperature, such as magmatic bodies or hot deep 

basement rocks, heat up in-situ water inside naturally fractured or porous water reservoirs. 

Geothermal power plants extract the heated water to generate electricity. Natural 

hydrothermal systems with all three characteristics, however, are rare. There are few 

tectonically and volcanically active locations on earth with a heat source sufficiently close 

to a permeable water aquifer.  

EGS projects offer the opportunity to engineer geothermal systems in locations 

without a natural geothermal system. There are many subsurface locations on earth that 
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have a sufficiently high temperature, but lack in-situ water and permeability to become a 

geothermal resource. Usually, from 3 to 6 km beneath the earth’s surface, there are rock 

formations hot enough (150-250 °C) to be a thermal resource for geothermal energy. The 

thermal energy of such rocks can be harvested in an EGS. First tested in Los Alamos 

National Laboratory in 1972, an EGS is an artificial geothermal system, similar to a heat 

exchange circuit.  

Typically, an initial exploration well already exists on a prospective EGS site and 

this well provides data about the temperature, faulting and lithology in the subsurface in 

the vicinity of the well (Figure 3.1 (a)). Following data analysis, an injection well is drilled 

into hot rocks (Figure 3.1 (b)). Pressurized fluid is injected through the injection well to 

induce shear slip and open preexisting fractures or create tensile fractures. The fracture 

networks form a permeable reservoir. Next, production wells are drilled to intersect the 

stimulated zone around the injection well (Figure 3.1 (c)). Cold fluid is then injected into 

the subsurface via the injection wells and heats up as it circulates though hot rocks in the 

fractured reservoir. The fluid is then pumped out of production wells and powers turbines 

to generate electricity. The cooled fluid is then reinjected into the subsurface. 

An EGS creates the necessary permeability needed for a geothermal reservoir and 

supplies the necessary circulating water from outside the reservoir (perhaps a nearby saline 

aquifer). Thus, an EGS can be constructed anywhere with hot rocks at depth, which opens 

almost any area on earth for possible EGS development. The US Department of Energy 

estimates that if EGS technology matures, geothermal energy could supply 60 gigawatt of 

electricity and account for 8.5% of US energy generation in 2050 (Geothermal 

Technologies Office, 2019). 
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Figure 3.1: Schematic of the process of creating an EGS site. (a) An initial exploration well provides data 

about the subsurface. (b) An injection well is drilled into a hot area of the subsurface (near the 250 °C 

isotherm). The injection well is hydraulically fractured to increase permeability and create a fractured 

reservoir. (c) Cold water injected via an injector well (blue arrow) heats up as it travels through stimulated 

hydraulic fractures (colored circles) from the injector to the two producers (red arrows). The hot fluid is 

used to generate electricity. Faulting and well data based on Coso site data (Blankenship et al., 2016). 

3.2.1 Challenge: subsurface uncertainty 

EGS is still not commercially feasible due to many challenges. This chapter will focus on 

the subsurface related challenges, specifically the issue of optimizing the design of an EGS 

given subsurface uncertainty, which is a major challenge in the geothermal industry. There 

are many uncertain subsurface parameters when creating an EGS. Uncertain geological and 

structural parameters include the stress field, location and orientation of natural fractures 

and faults, and temperature and pressure distribution. Therefore, the reservoir's response to 

engineering decisions cannot be predicted with certainty using numerical simulators since 

the subsurface properties necessary as input to run the simulators are uncertain. In addition, 

the physical mechanisms governing fracture creation are still being researched. With an 

uncertain reservoir response, it is challenging to make engineering optimization decisions 

that would greatly improve the profitability of an EGS.   
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Uncertainty regarding the operating setting is unique to subsurface environments 

compared to other renewable projects. For example, when designing a solar panel, the 

environmental criteria, such as solar radiation and cloud cover at a particular site, can be 

measured at relatively low cost. In geothermal systems, measuring the temperature and 

relevant rock properties in the subsurface in a single location requires drilling a 

multimillion dollar well. Furthermore, a single drilled well is still insufficient for fully 

characterizing the properties of the reservoir at a distance from the wellbore. Without full 

knowledge of subsurface properties, it is difficult to optimize engineering decisions. 

3.2.2 Decision making given subsurface uncertainty 

The process of creating an EGS involves a series of decisions based on limited data. In this 

section, we review some of the different decisions that need to be made in the process of 

creating an EGS, the data that is necessary to make those decisions, and the data that is 

available to make those decisions.  

Initially, an exploration-well provides data regarding temperature, faulting and 

lithology near the wellbore. After reviewing the exploration-well data, the developer needs 

to decide where to drill the main injection well. To make such a decision, the developer 

would ideally know the distribution of temperature throughout the subsurface. This 

temperature distribution, however, cannot be measured. Only the temperature at the 

exploration wellbore is known, but not the spatial extension of the temperature away from 

the wellbore. In addition, the developer needs to decide whether to place the wellbore near 

or away from an existing fault. However, this depends on the fault properties and geometry, 

which are mostly unknown. The developer also needs to decide the extent of the horizontal 

section of the wellbore and the wellbore diameter, but needs to know how much additional 

profit would be generated from having a longer or a wider wellbore to make such a decision. 

The profitability of the system, though, depends on the success of the stimulation, which 

is extremely difficult to predict, since the subsurface rock properties and preexisting 

fractures are unknown.  

After drilling an injection well, the developer needs to decide how to perform the 

hydraulic fracturing. Specifically, what should be the spacing between every fracture 

cluster. To make such a decision, the developer would need to perform a cost-benefit 
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analysis since increasing the cluster density would cost more money. Estimates of the 

financial benefit of increasing the cluster density can come either from similar sites that 

performed hydraulic fracturing or from numerical modeling, which depend highly on 

unknown rock properties and distribution of preexisting faults.  

After stimulation, the developer needs to decide where to place the production wells 

such that they will intersect the zone of stimulated rock created during the hydraulic 

fracturing process. Microearthquake monitoring can give a general idea regarding the zone 

of stimulation, but recent research has found that the microseismicity cloud can be 

substantially larger than the associated stimulated fracture volume (Riffault et al., 2018b). 

The developer can only know the approximate extension of the stimulated fracture volume.  

Once the production wells are in place, the developer needs to choose operating 

pressures for the wellbores in such a way as to avoid thermal breakthrough. Information 

about future thermal breakthrough can possibly be gained by tracer testing after the system 

is running. The correlation between tracer returns and thermal breakthrough time is an 

active research topic and can only provide a range of possible future thermal breakthrough 

times. 

The engineering decisions necessary within an EGS project are summarized in 

Table 3.1. They highlight a challenging problem of creating a subsurface system with 

incomplete information about the properties and structure of the subsurface. In industry, 

geoscientists commonly tackle this problem by using all the available data to make a single 

interpretation, or single model, of the subsurface that provides a single estimate of the 

unknown earth properties in the subsurface. That subsurface model is then used to make 

predictions and decide on the optimal engineering decisions.    

Historically, the tactic of creating a single interpretation of the subsurface has led 

to decisions that are not robust to uncertain earth properties. For example, at the initial 

Fenton Hill site, geoscientists assumed the hydraulic fractures were going to propagate in 

a certain direction for a predetermined distance based on a stress measurement at a single 

location. Therefore, they drilled both the injection and production wells at the same time, 

assuming the future hydraulic fractures would connect the two wells. The hydraulic 

fractures did not propagate in the anticipated direction, and there was no flow connection 
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established between the injection and production wells. It was determined that there was 

an unanticipated shift in the stress field (Tester et al., 2006). The decision to drill two wells 

based on a single interpretation of a homogenous stress field led to decisions that were not 

robust in the face of uncertainty. A similar scenario to that described above occurred in an 

EGS site in Rosemanowes. Two wells were drilled based on a single interpretation of the 

subsurface properties and the wells did not connect due to unexpected previously existing 

fractures (Tester et al., 2006).  

Both of the above examples show that the current strategy of relying on a single 

interpretation of the available data does not create EGS projects that are robust in the face 

of unexpected subsurface properties. In the past, it was probably computationally 

unfeasible to consider many different models of the subsurface and find engineering 

decisions that are robust to multiple different earth scenarios. Now, with the recent advent 

of high-performance computing, such methodology is possible. In this chapter, we examine 

the advantages of optimizing EGS projects given multiple earth models.  

Table 3.1. Table of decisions made in the process of creating an EGS, the information needed to make 

those decisions, and the actual information available. 

Decision Information needed Information available 

Where to drill the injection 

well? Should one drill the well 

near an existing fault? 

The distribution of 

temperature, stress, pressure, 

lithology, in the subsurface. 

The effect of the natural fault 

on production.  

Temperature, pressure, stress and 

lithology data along a wellbore, with 

little information regarding the 

surrounding rock.  

How long to make the 

horizontal length of the well? 

The extra revenue that will be 

generated from each 

additional length of wellbore. 

This is dependent on the 

success of fracturing. 

Information about the future success of 

hydraulic fracturing can come from 

either similar sites that performed 

hydraulic fracturing or from numerical 

modeling, which necessitates input of 

unknown rock properties and 

distribution of preexisting faults.  

How to hydraulically fracture 

the well? What should be the 

fracture spacing? 

The extra revenue that will be 

generated from each fracture 

cluster.  

Same as above. 
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Where to place the production 

wells? How far away from the 

injection well?  

To decide how far to place the 

production wells, one needs to 

know how far the hydraulic 

fractures extended.  

Microearthquake monitoring can give a 

general idea regarding the zone of 

stimulation, but recent research has 

found that the Microseismicity cloud 

can be substantially larger than the 

associated stimulated fracture volume 

(Riffault et al., 2018b).  

What diameters should the 

injection and production wells 

be? 

The amount of fluid that will 

be produced from the system, 

which depends on the in-situ 

condition and the stimulation 

results.   

Information about future production 

flow rates can perhaps come from 

flow/injection tests of the injection well 

after stimulation. Though this would 

not be very informative since the 

important parameter is the flow 

connectivity achieved between the 

wells, which is unknown until after the 

two production wells are drilled.  

At what pressures to operate 

the production and injection 

wells? 

The likelihood of causing 

thermal breakthrough, which 

depends on the flow network. 

Information about future thermal 

breakthrough can possibly be gained by 

tracer testing after the system is 

running. The correlation between tracer 

testing and thermal breakthrough time 

is an active research topic. 

3.2.3 Different methods to optimize an EGS 

There are two common methods for optimizing the engineering decisions described in the 

previous section: 

• Single Model Optimization (SM-Opt): Performing deterministic 

interpretations and modeling (ignoring ranges of uncertainty) to arrive at the 

most representative earth model with the most likely values of subsurface 

properties. Then, using this reservoir model to find the engineering decisions 

that maximize Net Present Value (NPV).  

• Multiple Model Optimization (MM-Opt): Assessing the ranges of 

uncertainty of the subsurface properties and creating an ensemble of reservoir 
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models that are possible given the subsurface uncertainty. Performing an 

optimization on this ensemble of reservoir models.  

MM-Opt requires a much larger number of simulations as compared to a SM-Opt. 

By simulating the EGS performance given the varying subsurface parameters, MM-Opt 

methods can quantify the uncertainty of EGS performance. It is not clear, however, whether 

MM-Opt can actually lead to more robust reservoir engineering decisions. This work 

described in this chapter used both MM-Opt and SM-Opt to optimize the NPV of a 

hypothetical EGS in California to determine the differences in the results of the 

optimization workflow.  

3.2.4 Previous research on optimizing an EGS given subsurface 

uncertainty 

Previous literature on this topic has mostly been divided into two groups: one group 

focusing on optimizing engineering decisions in an EGS given a single reservoir model, 

and another group focusing on quantifying and reducing uncertainty of subsurface 

parameters given data.  

Li et al. (Li et al., 2016) performed an optimization and sensitivity analysis of an 

EGS design with a single horizontal well injector and a single horizontal well producer. Li 

found that increasing the number of fractures increases the possible flow rate through the 

system, since the effective permeability in the system increases linearly with the number 

of fractures. Asai et al. (2018) studied the dominant factors affecting the performance of 

an EGS, finding that a large distance between the production and injection well is the most 

important variable. A low injection temperature and a high total flow rate were also found 

to be impactful. Song et al. (Song et al., 2018) tested a set of varying configurations of 

multi-lateral wells given a constant reservoir model, showing that different well 

configurations can lead to different energy outputs. All the above studies, however, 

assumed a model where all the stimulated fractures have a constant fracture aperture and 

length.  

Doe et al. (Doe and Mclaren, 2016), on the other hand, discussed more realistic 

scenarios where the stimulated fractures have variable fracture apertures and how that 
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variability affects EGS performance. Doe et al. (2016) show that variability in fracture 

apertures leads to preferential flow paths, where the flow concentrates in fractures with 

anomalously high apertures, which causes early thermal breakthrough. Similarly, Guo 

(Guo et al., 2016) shows that even inside every single fracture there is aperture variability 

that leads to preferential pathways and thermal short circuiting.  

EGS optimization work by both Hu et al. (Hu et al., 2016) and Hofmann et al. 

(Hofmann et al., 2014) focused more on optimizing the stimulation of the hydraulic 

fractures. Hofmann et al. showed the importance of mechanical rock properties, stress 

confinement, and preexisting natural fractures for creating large fracture network areas. An 

important insight from Hu’s work is the hydraulic fractures’ sensitivity to stress anisotropy, 

natural fracture distribution, and stress shadowing effects. The fractures in Hu’s 

simulations have variable lengths, heights, apertures, and directions.  The above 

optimization studies highlight the sensitivity of hydraulic fractures’ geometries and 

properties to the relatively unknown and possibly heterogeneous subsurface stress state. 

The cited research focused on EGS optimization. There is also a large amount of 

literature on the uncertainty of reservoir properties in an EGS and methods to reduce the 

uncertainty using stochastic inversion of acquired data. Vogt et al. (Mottaghy et al., 2011) 

uses Monte Carlo methods together with Sequential Gaussian Simulation and observed 

borehole data to estimate the thermal conductivity field at a potential geothermal site in the 

Hague, Netherlands. In addition, Vogt uses Sequential Gaussian Simulation to simulate the 

permeability field of faults at the Soultz site, then simulates the flow field, and uses 

rejection sampling to find earth models that match the observed tracer returns (Christian 

Vogt et al., 2012). Tompson (Tompson et al., 2013) and Melleros (Mellors et al., 2014) 

perform a joint sequential inversion of resistivity data and temperature borehole data using 

MCMC methods to attain plausible realizations of the temperature, pressure and resistivity 

fields at Superstition Mountain, California. Cui et al. (Cui et al., 2011) use an adaptive 

delayed acceptance Metropolis-Hastings algorithm to calibrate a geothermal reservoir 

model given temperature borehole data. Several papers have been written on the use of an 

Ensemble Kalman Filter to integrate observed and prior model data to update the range of 

uncertainty of reservoir properties in geothermal systems (Marquart et al., 2013; Onur and 

Palabiyik, 2015; C. Vogt et al., 2012). 
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There has been significant work done on optimizing EGS engineering parameters 

given a constant reservoir model and quantifying the uncertainty of reservoir models. Yet, 

there has been little work that combines both of these aspects and researches the 

optimization of EGS engineering parameters given the uncertain subsurface parameters. 

There is little discussion on making decisions in EGS projects that are robust in the face of 

uncertain reservoir properties.   

3.3 Methodology 

To determine the impact of using SM-Opt versus MM-Opt, we performed two separate 

workflows: Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995) on a single 

reservoir model (SM-Opt), and  Monte Carlo Optimization (exhaustive brute force 

sampling) given varying earth parameters (MM-Opt). These two workflows are described 

below and summarized visually in Figure 3.2. 

The SM-Opt workflow is as follows: 

1. Choose the mean values of each of the uncertain earth parameters given in Table 

3.2 and Table 3.2. These mean values are used to create a single most representative 

reservoir model. 

2. Use any appropriate optimization algorithm to converge on the optimal engineering 

parameters that maximize the NPV of the EGS given the constant earth model.  

• Build a flow simulation model based on the constant reservoir model.  

• For each simulation, use the engineering parameters determined by the 

optimization algorithm. For this study, we used a PSO algorithm for the 

optimization process, with a population size of ten, a cognition component and 

social component of 1.5, and an inertia weight of 0.72. 

• Simulate the hydro-thermal flow and energy production for twenty years.  

• Calculate the NPV based on the energy production and associated costs.   

The MM-Opt workflow is as follows: 
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1. Sample values from the distributions of uncertain earth parameters and engineering 

decisions, given in Table 3.2, Table 3.3, and Table 3.4. Build a flow simulation 

model based on each of the sampled earth parameters and engineering decisions. 

Simulate the hydro-thermal flow and energy production for twenty years. Calculate 

the NPV for each EGS simulation based on the simulated energy generation and 

financial model costs.  

2. Examine the conditional probability distribution functions of NPV values given the 

different engineering decisions to determine optimal engineering parameter ranges.  

 
Figure 3.2: Comparison of the two workflows used in this chapter: (a) Single Model Optimization (SM-

Opt) using PSO, and (b) Multiple Model Optimization (MM-Opt) using Monte Carlo optimization 

(exhaustive brute force sampling) and varying earth parameters. 

For the hydro-thermal simulation, we used the commercial simulator CMG STARS 

(Computer Modeling Group Ltd, 2017). We represented the hydraulic fractures as thin 

layers of porous media. Future work will explore the use of discrete fracture network 
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representation and use of simulators that do not assume local thermal equilibrium (Xu et 

al., 2015; Zhou et al., 2019).   

3.3.1 The varying subsurface and engineering parameters 

The numerical model for this sensitivity analysis was based on the West Flank of the Coso 

Geothermal Field in California. The West Flank has rock temperatures reaching 270 °C, 

but the formation is impermeable. In this study, we investigate a theoretical EGS built at 

this site. An example of a numerical representation of the EGS is shown in Figure 3.4 (a). 

The numerical model includes an injector flanked by two producers on either side. 

Hydraulic fractures of varying lengths, heights, and apertures connect the injector and the 

producers, as shown by the thin black lines in Figure 3.4 (a) and the square elements in 

Figure 3.4 (b). The hydraulic fractures in real field cases would be identified via 

microseismic monitoring. A natural fault present at Coso is included in the model. 

The value ranges of the uncertain earth parameters for this study are based on the 

current uncertainty of those values after initial exploration at the Coso site, which is 

described in detail by Blankenship et al. (Blankenship et al., 2016). Table 3.2 shows the 

ranges of uncertainty for the matrix parameters used in the numerical model.  

Table 3.2.  Uncertain matrix parameters. 

Matrix Parameters Distribution Source of information 

Matrix permeability (md) 𝑙𝑜𝑔10(𝑝𝑒𝑟𝑚)→ 𝑈[−2,−5] Analysis in (Blankenship et al., 2016). 

Rock heat capacity 

(kJ/(kg∙K)) 

𝜇→𝑈[0.8, 1.3] The rock types are primarily rhyolite, 

diorite and granite. The typical heat 

capacity ranges for these rocks are from 

(Cermak and Rybach, 1982; Schon, 2011).  

Rock thermal conductivity 

(W/(m∙k)) 

𝜇→𝑈[2, 4] Typical thermal conductivity ranges for 

these rocks from (Cermak and Rybach, 

1982; Schon, 2011). 

Width of Hot Zone Around 

Fault (m) 

𝑈[200, 1000] Temperature logs; assumes heat source is 

hot water flow up fault. 

Matrix Porosity (unitless) 𝑈[0.3, 1.6] Typical fractured igneous rock porosity 

range based on (Schon, 2011). 
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The width of the hot zone around the fault is one of the important uncertain 

parameters. The temperature log for the site indicates an intersection with a natural fault, 

at which point the temperature rapidly increases. However, the distance at which the 

temperature falls off away from the fault is unknown and will affect the field’s production. 

This temperature can be estimated by the following analytic equation, detailing the 

temperature falloff from a linear constant temperature boundary due to thermal diffusion 

(H. S. Carslaw, 1959):    

𝑇𝑚(𝑦, 𝑡) = 𝑇0
𝑚 + (𝑇0

𝑓
− 𝑇0

𝑚)𝑒𝑟𝑓𝑐 (
|𝑦|

2√𝐷𝑇𝑡
)  3. 1 

where 𝑇𝑚 is the temperature of the matrix, 𝑇0
𝑚 is the initial reservoir temperature, 𝑇0

𝑓
 is 

the temperature of the fault surface, 𝐷𝑇 is the rock thermal diffusivity, 𝑦 is the distance 

away from the fault along the fault normal, and 𝑡  is the time during which there was 

convective flow throughout the fracture causing the thermal anomaly. In this study, the 

temperature falloff at a distance from the fault was modeled via the error function and a 

falloff distance, or “width of the hot zone around the fault.” This distance is a function of 

the unknown length of time for which there was convective flow up the fault and the 

geological history of the area. Numerical studies have shown this this falloff distance away 

from the fault is variable (Mckenna and Blackwell, 2004). An illustration of the 

parameterization of the width of the hot zone around the fault is shown in Figure 3.3.   

 
Figure 3.3: Parameterization of the width of the hot zone around the fault in both (a) a cross-section and (b) 

map-section view.  
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In the reservoir models, the hydraulic fractures were defined by an aspect ratio, 

half-length, and aperture. In reality, these hydraulic fracture properties are controlled by 

both the hydraulic fracturing process and the natural properties of the formation being 

fractured, including the stress state, fracture toughness, stress layering, and most 

importantly, the presence of natural fractures and faults in the formation. In this study, the 

hydraulic fractures were modeled as having properties that are a result of a random process. 

It is assumed that the properties of the stimulated fractures are more highly controlled by 

the unknown natural parameters than by the stimulation process. Future work will include 

simulation of the stimulation process.   

The values of the hydraulic fracture properties were taken from the literature. Table 

3.3 lists the uncertain fracture properties and their range of values. These varying fracture 

parameters are illustrated in Figure 3.4. There is a natural fault in this study, seen in Figure 

3.4 (a). This natural fault also has unknown values of porosity, permeability and aperture. 

This study does not take into account the uncertainty of the natural fault's strike, dip and 

plunge, or address the possibility that there may be additional large faults nearby not 

intersected by existing wells. Future studies should include these factors.   

 

 

Figure 3.4: Explanation of the parameterization of the enhanced geothermal system.  
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Table 3.3. Uncertain fracture parameters. 

Fracture Parameters Distribution Source of information 

Hydraulic fracture half 

length (m) 

𝜇→𝑈[100, 300]   

𝜎→0.2*𝜇 

Ideally, this value would be taken from experiments at 

similar sites or rigorous simulations based on the 

measurements of the stress state. For now, values are 

guided by literature review and simulations done by 

(Hofmann et al., 2014) and  (Reinicke, 2009a). 

Hydraulic fracturing with proppant at  Groß 

Schönebeck in Germany initiated fractures with 

calculated half-length of 90 and 190 m (Zimmermann 

et al., 2010). 

Fracture aperture (mm) 𝜇→𝑈[0. 5, 1.8],   

𝜎→0.2*𝜇 

Ranges are guided by (Hofmann et al., 2014) and  

(Reinicke, 2009a).  

Aspect ratio (mean 

fracture height/mean 

fracture length) 

𝜇→𝑈[0.7, 1] Ranges are guided by (Hofmann et al., 2014) and  

(Reinicke, 2009a). Assumes an isotropic stress and 

fracture toughness field with little layering in the 

crystalline rock. 

Ratio of fracture vertical 

extent downward relative 

to upwards.  

𝜇→𝑈[0.7, .95] Ranges are guided by (Hofmann et al., 2014) and  

(Reinicke, 2009a). Assumes possibility of lower 

minimum horizontal stress in the upwards direction. 

Log of natural fault 

permeability (log(md)) 

𝑈[0, 5] Ideally fault conductivity may be ascertained via 

injection tests. Value ranges based on fault throw to 

fault width correlation (Manzocchi et al., 1999). 

Natural fault porosity 

(unitless) 

𝑈[0.05, 0.3] The Soultz geothermal site has measured porosities of 

up to 15% (Géraud et al., 2010) in the fault zone. We 

increased this range to allow for more and less porous 

fault zones.  

Natural fault aperture (m) 𝑈[0.01, 1] McClure et al. (McClure and Horne, 2014) show that 

fault thickness varies from a few millimeter to several 

meters in other EGS sites. Image logs from the eastern 

flank of the Coso geothermal field identified faults 

ranging from sub-millimeter to fault zones about 30 cm 

thick (Davatzes and Hickman, 2010). We estimated the 

natural fault aperture to be around these measurements. 
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The engineering decisions optimized in this study are shown in Table 3.4. These 

include the pressures used to inject water into the subsurface, the pumping power to extract 

the fluid from the subsurface, the distance between the fracture stages, the diameters of the 

wellbore and factors controlling the positioning of the wellbore.  

The diameters of the wellbore can impact the flowrates of the injection to and 

production from the EGS. Pipe friction effects are inversely proportional to wellbore 

diameter and proportional to flow rate, as indicated in: 

(
𝑑𝑝

𝑑𝑧
)

𝐹
= −

𝑓𝜌𝑤(
𝑞

𝜌𝑤𝐴
)

2

2𝑑
3. 2

where 𝑞 is the mass flow rate, 𝐴 is the cross-sectional area of the casing, 𝜌𝑤 is the water 

density, 𝑑 is the well diameter, and 𝑓 is the Moody friction factor. Small wellbores can 

cause large friction losses due to their small diameters and given the high flowrates 

necessary in an EGS. Larger wellbores on the other hand carry with them a larger cost and 

therefore a financial penalty as described in the financial model section. This factor needs 

to be optimized.  

Table 3.4. Engineering decision parameters. 

Engineering decisions  Possible values Additional information 

Maximum well head 

pressure (kPa) 

0 to 15000  

Producer pump power (kW) 100 to 1500 Baker Hughes lists a 2000 HP 

geothermal pump (1491 kw).  

Distance between the 

injection and production 

wells (m) 

70 to 325 Well separation.  

Fracture spacing (m) 10;15;20;25  

Length of the well (m) 500 to 1000  

Producer well diameter 

Injector well diameter (m) 

[0.103, 0.115, 0.128, 0.155, 

0.166, 0.180, 0.205, 0.226, 0.254, 

0.279, 0.318, 0.385, 0.446] 

Standard wellbore diameters. 

Location of the injection 

well relative to the natural 

fault 

-0.5 to 1.5 The location of the injection well with 

respect to the fault normalized to the 

length of the wellbore.  
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The horizontal separation distance between the injector and producer is another 

engineering factor. There are advantages and disadvantages for locating the production 

well closer or further away from the injection well. Locating the producer closer to the 

injector well leads to a higher likelihood of intersecting stimulated hydraulic fractures and 

creating a high transmissivity flow connection. In addition, closer wellbores have higher 

flowrates given the same level of pressure differential. On the other hand, closer wellbores 

have less volumetric area from which thermal energy can be harvested between the 

wellbores. In addition, there is a higher chance of thermal short-circuiting since the cold 

fluid may have insufficient residence time to heat up as it flows from the injection to the 

production well. If the producer is positioned further away from the injection well, there is 

a risk of not intersecting a sufficient number of the hydraulic fractures. Yet, the EGS can 

recover a larger portion of thermal energy with larger separation between the injector and 

producer. Figure 3.4 illustrates this parameter.  

Another engineering parameter controlling the wellbore position is the “location of 

the injection well relative to the natural fault.” The area around the natural fault is hotter 

than the surrounding area since it carries hot fluid. The fault, however, may cause thermal 

short circuiting if it is too permeable. In such a case, it may be preferable to locate the wells 

to the East or to the West of the fault and avoid intersection with it. The location of the 

injection well with respect to the fault is normalized to the length of the wellbore. A value 

between zero and one indicates that the injection well intersects the fault at a normalized 

location along the wellbore length. For example, in Figure 3.5 (b) below, a fault position 

of 0.46 indicates that the fault intersects the wellbore in the middle the wellbore. Values 

between -0.5 to 0 indicate that the injection well is located to the west of the fault, and 

values between 1 and 1.5 indicate the injection well is to the east of the fault. Figure 3.5 

also illustrates the "well length" parameter.     
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Figure 3.5: Illustration of the parameters “location of the injection well with respect to the natural fault” 

and "well length." A value between -0.5 to 1 of fault position is an EGS with the injection well located to 

the east of the fault, as shown in (a). A value between 0 to 1, shown in (b), indicates that the fault is located 

along the length of the injection well. A value above 1, such as in (c), indicates the fault is to the east of the 

injection well. Different possible values of well length are indicated below the figures. 

3.3.2 Financial Model for Calculating Net Present Value 

For this chapter, EGS performance metric is defined as the NPV over a twenty-year span 

of operations. The NPV takes into account the revenue from electricity generation, the 

parasitic losses of electricity to pumping, the costs of hydraulic fracturing, the wellbores, 

as well as the discount rate applied to the cash flow. It is calculated as follows:  

𝑁𝑃𝑉 = ∑
𝑁𝑒𝑡 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑆𝑎𝑙𝑒𝑠

(1 + 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑅𝑎𝑡𝑒)𝑛

20

𝑛=1

− 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐶𝑜𝑠𝑡𝑠 3. 3 

The electricity generation is calculated as follows: 

𝑆𝑎𝑙𝑒𝑠𝑒  ($) = 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑛𝑒𝑡  (𝑘𝑊ℎ𝑟) ∙ 𝑃𝑟𝑖𝑐𝑒𝑘𝑊ℎ𝑟 3. 4 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑛𝑒𝑡  (𝑘𝑊ℎ𝑟) = 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑔𝑟𝑜𝑠𝑠  (𝑘𝑊ℎ𝑟) − 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑜𝑤𝑒𝑟 𝑝𝑢𝑚𝑝𝑠 (𝑘𝑊ℎ𝑟) 3. 5 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑔𝑟𝑜𝑠𝑠  (𝑘𝑊ℎ𝑟) = Mass 𝐹𝑙𝑜𝑤 𝑅𝑎𝑡𝑒 (
𝑘𝑔

𝑠
) ∙ (ℎ𝑖𝑛𝑙𝑒𝑡 (

kJ

kg
) − ℎ𝑜𝑢𝑡𝑙𝑒𝑡 (

𝑘𝐽

𝑘𝑔
)) ∙ 𝜂𝑝𝑙𝑎𝑛𝑡 ∙ 𝐻𝑜𝑢𝑟𝑠 3. 6 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑝𝑢𝑚𝑝 (𝑘𝑊ℎ𝑟) = 𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝐹𝑙𝑜𝑤 𝑅𝑎𝑡𝑒 (
𝑚3

𝑠
) ∙ Δ𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑎𝑐𝑟𝑜𝑠𝑠 𝑝𝑢𝑚𝑝 (𝑘𝑃𝑎) ∙ 𝐻𝑜𝑢𝑟𝑠 3. 7 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑜𝑤𝑒𝑟 𝑝𝑢𝑚𝑝𝑠 = 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑖𝑛𝑗𝑒𝑐𝑡𝑖𝑜𝑛 𝑤𝑒𝑙𝑙 𝑝𝑢𝑚𝑝 + 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑤𝑒𝑙𝑙 𝑝𝑢𝑚𝑝𝑠 3. 8 
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where ℎ𝑖𝑛𝑙𝑒𝑡  and ℎ𝑜𝑢𝑡𝑙𝑒𝑡  are fluid enthalpy at the production wells and turbine 

outlet, respectively, 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑜𝑤𝑒𝑟 𝑝𝑢𝑚𝑝𝑠 is the electricity necessary to power pumps to 

both inject fluid into the injection well and produce fluid from the production wells, and 

𝜂𝑝𝑙𝑎𝑛𝑡 is the efficiency of the plant. In this equation, the main varying parameters are the 

fluid flow rate and the fluid temperature produced from the subsurface, which are taken 

from the hydro-thermal flow simulations. The plant efficiency declines with lowering 

temperatures, as shown in Figure 3.6. The efficiency is initially around 0.12 and declines 

rapidly below 140 °C. The reinjection temperature is 76.5 ℃.  

 
Figure 3.6: Plant efficiency as a function of temperature. This plot is based on (Lukawski et al., 2018).  

The overall financial parameters for this model are shown in Table 3.5 below. The 

parameters include a sale price for the electricity, which is highly variable depending on 

the location of the geothermal facility. The cost for the different elements of the wellbore 

will affect the optimization results since these costs relate to several of the engineering 

parameters. For example, the cost of stimulation is a function of the number of hydraulic 

fractures in the model. The price of the wells is a function of the wellbore diameter, which 

is another factor that is optimized in this study. Many geothermal sites have spare capacity 

in their operating systems, and we are assuming that this geothermal facility is nearby an 

existing geothermal power plant. Therefore, we did not take into account the operating 

costs in this study, including the cost of using a binary unit to convert the hot fluid to 

electricity. 
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Table 3.5. Financial parameters 

 Item value Source of information 

Sale price per kWhr ($) 0.076 This is the average price of electricity in recent 

geothermal PPA agreements (Hernandez et al., 

2016). 

Discount rate 0.15 for first two years 

and 0.07 for further years 

Assumes a lower rate of interest after the plant is 

stable and operating. 

Cost per horizontal 

well length ($/m) 

2600 Drilling in shale formation costs between $1200-

$1900 per lateral m (Fullenbaum et al., 2016). 

Assuming drilling in igneous formation more 

expensive.  

Cost for stimulation ($) 250000*(number of 

stages) 

The cost of stimulation is a function of the number 

of fracturing stages. A group of five fractures is 

considered a stage for this model. Shahkarami et al.  

(Shahkarami et al., 2016) consider a fracture stage 

cost to be between $200,000 and $300,000. 

Cost for single vertical 

wellbore to 3000 m ($) 

1623333 – 5043333 Depends on the wellbore diameter. Lowry et al. 

(Lowry et al., 2017) reported costs of $2.6 million 

and $3.75 million for  vertical wellbores to a depth 

of 3000 m with  diameters of 8.50 in and 12.25 in 

respectively. These costs are expected costs for the 

near future (not present). Costs were interpolated 

and extrapolated for other wellbore diameter values 

used in this study.  

3.4 Results 

The following section includes analysis of the SM-Opt workflow and the MM-Opt 

workflow as well as a comparison of both workflows.  

3.4.1 Results of SM-Opt workflow 

For the SM-Opt workflow, 72 simulations (all with the same subsurface model but different 

choices of engineering decisions) were run using the PSO algorithm. As can be seen in 

Figure 3.7, the PSO algorithm progressively improved the choice of engineering decisions 
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to find the combination of engineering decisions that would yield the highest NPV. While 

we noticed the NPV values of the optimization plateauing after around 50 simulations, 

perhaps further simulations could have improved the results and we should have let the 

optimization continue for a longer period of time.  

  
Figure 3.7: Progress of the SM-Opt workflow using the PSO algorithm to optimize the engineering 

decisions for a single reservoir model.  

The optimal combination of parameters yielded an NPV of $32.7 million. The 

optimal engineering parameters were found to be:    

• Length of the well: 950 m. 

• Pump power of the producer wells: 917 kW. 

• Distance between the injector and producers: 201 m. 

• Maximum well head pressure of the injector well: 6897 kPa.  

• Fracture spacing: 10 m. 

• Producer wells’ inner diameter: 0.17 m. 

• Injector well’s inner diameter: 0.28 m. 

• Location of the well relative to the fault: 0. 67 (the well intersects the fault in 

the middle of the well length). 
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The SM-Opt workflow led to interesting results. The optimum well length is 950 

m, while the possible range of well lengths was from 500 m to 1000 m. The length of the 

well adds cost to the project. This result shows that the additional flow rate possible from 

increasing the well length offsets the additional incurred costs for this constant earth model. 

This is a risky result of the SM-Opt workflow since it suggests a higher capital investment, 

which may only payoff for this specific earth model.    

The optimal choices of values for the pumping power for the producer wells, the 

diameters of the wells, and the maximum well head pressure of the injector well lie in the 

middle of their possible ranges of values. This shows that the extra benefit yielded from 

increasing their values offsets the additional costs only up to a certain extent that needs to 

be optimized. While engineering models that do not take cost into account would 

recommend increasing wellbore sizes and pumping power to yield more energy, models 

that take the economic cost of these decisions into account show that such 

recommendations do not necessarily pay off. The economic models, however, add an extra 

sensitivity to the optimization study. A change in the cost of different operations, will 

change the optimal decisions. 

The optimal fracture spacing for this reservoir model was found to be 10 m. This is 

the lowest value possible for this parameter. Though the high fracture density may cause 

thermal interaction between fractures, a lower fracture spacing translates into a larger 

number of fractures and a better thermal sweep of the resource. The added benefit from 

this additional thermal energy outweighed the cost of fracturing additional stages. 

The optimal location of the wells relative to the fault was 0. 67, such that the fault 

is located near the center of the well area. This is an interesting finding since the fault could 

be a cause of thermal short circuiting due to its higher permeability. On the other hand, the 

area near the fault is also hotter since it carries hotter fluid from deeper in the subsurface 

and has heated a substantial area around the fault over the years. This additional thermal 

energy offsets the possible thermal short circuiting for this scenario.  

The blue lines in Figure 3.8 show the simulated time series of the temperature, mass 

rate and net power generation over time of the reservoir model given the different operating 

decisions. The simulation of the optimal engineering values is shown in red. The optimal 
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scenario has high fluid temperature and modest temperature drawdown, a high flow rate 

and a high level of power generation. The scenario with the optimal decisions, though, does 

not yield the highest temperatures or flow rates. This relates to finding a balance between 

parameters. Systems that have low temperature drawdown tend to have low flow rates, and 

thus it is not necessarily ideal to have the lowest temperature drawdown. Systems that have 

high flow rates, on the other hand, have high temperature drawdowns, which is also not 

ideal. In addition, systems with high power generation may have higher patristic loads due 

to high pumping levels or higher costs from larger wellbores or longer wells. Therefore, 

optimization does not necessarily lead to an EGS with the highest generation capacity.   

 
Figure 3.8: The (a) temperature, (b) mass rate and (c) net power generation over time of the investigated 

reservoir model given different operating decisions. The simulation with the optimal operating decisions is 

marked by a red line. 

3.4.2 Results of MM-Opt workflow  

For the MM-Opt workflow, 1000 uncertain parameter combinations, including both 

reservoir and engineering parameters, were sampled and used to build numerical models. 

The hydrothermal simulation of the models for a twenty-year period from 2019-2039 

yielded curves of the temperature and mass flow rate of the produced fluid, shown in Figure 

3.9 (b). The flow rate and temperature curves were used to calculate the power generation 

over time and NPV, shown by the temporal curves and histogram in Figure 3.9 (c), 

respectively. The realizations were clustered into high and low energy capacity groups 

using the K-means clustering algorithm (Macqueen, 1967). The high and low energy 

capacity groups are indicated by the red and blue colors, respectively, in Figure 3.9. Overall, 

the models show a wide range of NPV from a P10 of $-17 M to a P90 of $7 M. The large 

variability in power generation highlights the importance of finding the factors that most 

influence an EGS and further researching them to ensure high capacity systems.   
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Figure 3.9: (a) Sampled values of the mean fracture half-length and fracture spacing parameters used in the 

realizations. (b) Simulated mass rate, temperature, and (c-top) energy generation over time of the 

stochastically generated models. (c-bottom) A histogram of the NPVs of the realizations. The colors red 

and blue indicate high and low capacity models, respectively.   

3.4.2.1 Sensitivity analysis 

The classified models were used to build cumulative density functions (CDFs) of the model 

parameters conditioned on the high and low capacity classes. For example, the CDFs of 

the mean fracture half-length and mean fracture aperture are shown in Figure 3.10 (a). The 

high capacity CDFs in light pink, for both parameters, are separated from the prior CDFs 

in black, and show that higher values of fracture half-length and fracture aperture 

contribute to higher capacity models. The CDFs of each parameter were used to compute 

the most sensitive parameters, shown in the Pareto plot in Figure 3.10 (b), using the 

Distance Based Generalized Sensitivity Analysis algorithm (Céline Scheidt et al., 2018). 

There are fifteen parameters that were deemed to be highly influential, which can be seen 

as having a significance level above 95 in the Pareto plot in Figure 3.10 (b). 

The most influential parameter is the mean fracture aperture. Models that had mean 

fracture apertures with high values were found to generate more electricity. Large fracture 

apertures lead to higher flow rates and additional generated heat. The second most 

influential parameter is the mean fracture half-length, which directly controls the size of 
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the stimulated reservoir that can be mined for thermal energy. Larger fractures allow for 

longer heat exchange or residence time as the water flows between the injector and 

producer wells.  

While both fracture half-length and fracture aperture are controlled by the hydraulic 

fracturing process, it is difficult to control such values due to the complexity of the 

subsurface environment and fracturing process. In this analysis, the hydraulic fracture 

properties were set to be random variables for each realization since it is difficult to predict 

hydraulic fracture properties prior to experimentation in the particular subsurface 

environment. Since the mean fracture half-length and mean fracture aperture are the top 

influential parameters on the NPV of an EGS, there is further incentive to investigate 

controlling such parameters via use of fracturing fluids and proppant.   

The third sensitive parameter is the width of the hot zone around the fault. Often, 

there is just a single exploration well to determine the temperature distribution in the 

subsurface, and it is unclear how far the elevated temperature zone extends spatially. This 

is another subsurface parameter that is often unknown and which highly influences EGS 

success. The seventh (natural fault permeability), eleventh (matrix permeability), twelfth 

(matrix heat capacity) and thirteenth (natural fault porosity) sensitive parameters are also 

natural subsurface properties that cannot be changed but are impactful. Natural faults with 

low to medium permeability and high porosity contribute to higher NPV. A fault with high 

permeability can lead to thermal breakthrough, lower production temperatures, and 

therefore lower profit. Higher matrix permeability and matrix heat capacity lead to higher 

NPV. 

While the first two sensitive parameters are partially beyond engineering control, 

the fourth, fifth, sixth, eighth, ninth, tenth and fourteenth sensitive parameters can be 

controlled. These engineering decisions are discussed in further detail in the following 

section. All of the other parameters had a lower influence on the NPV as compared to the 

above-mentioned parameters.  
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Figure 3.10: (a) The cumulative distribution function (CDF) plots of the (top) mean fracture half-length and 

(bottom) mean fracture aperture of the model realizations. The curves indicate the CDFs of the high 

capacity cluster, low capacity cluster, and total prior distribution, in pink, light blue and black, respectively. 

(b) Pareto plot showing the relative ranking of parameter sensitivities.   

3.4.2.2 Optimal engineering decisions 

We estimated probability distribution functions (PDFs) of the NPVs conditioned on the 

different engineering decisions to assess the optimal engineering choices. Figure 3.11 (a) 

shows the PDF of NPVs separated into the realizations with fracture spacing of 10, 15, 20 

and 25 m. The vertical lines on the bottom of the graph show the median NPV values for 

each level of fracture spacing, indicated by matching colors. The PDFs of realizations with 

a fracture spacings of 10 and 15 have the highest median NPV, with a fracture spacing of 

10 m being slightly higher. A lower fracture spacing increases the number of fractures and 

the overall system transmissivity but is also more expensive as more fracture stages are 

necessary (see financial model). Similar to SM-Opt, the MM-Opt workflow results suggest 

that the additional transmissivity offsets the cost of additional fracturing operations at the 

10 m level.  

Figure 3.11 (b) shows the PDFs of NPVs of the distance between injector and 

producers. Realizations with a producer distance between 155 and 240 m (red line) have 

the highest median NPV. The hydraulic fractures in the realizations had mean half lengths 
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varying between 100 and 300 m. The results show that a robust EGS should have the 

producers located approximately in the middle of the range of possible lengths. The choice 

of having a larger separation (green line) leads to both potentially higher NPV values (when 

the hydraulic fractures are actually longer and reach a further positioned production well) 

and potentially lower NPV values (when the producer is located too far from the injector 

and does not intersect any fractures).     

 

 
Figure 3.11: The histogram of NPVs of the stochastically generated EGS models separated into different 

levels of (a) fracture spacing and (b) mean fracture length. The vertical lines on the bottom axis indicate the 

median NPV of each group. 

The PDFs of NPVs separated into three levels of production well pumping power 

are shown in Figure 3.12 (a). Low and medium levels of pumping power show only a slight 

improvement to the NPV over higher pumping power. The pumping power adds a parasitic 

loss to the EGS. For this study, the additional flow rate from pumping does not compensate 

for the additional pumping cost.  

Figure 3.12 (b) shows the PDFs of NPVs separated into three levels of injector well 

head pressure (WHP). Realizations with a high injector well head pressure (the green line 

in Figure 3.12 (b)) shows a slightly higher NPV, indicating that the high injection rates 

increase the NPV even though they are associated with an increase in parasitic pumping 

power.  
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Figure 3.12: The histogram of NPVs of the stochastically generated EGS models separated into different 

levels of (a) production wells’ pumping power and (b) the Well Head Pressure (WHP) of the injection well. 

The vertical lines on the bottom axis indicate the median NPV of each group. 

The PDFs of the NPV separated into three levels of well length are shown in Figure 

3.13 (a). There is little difference in the median NPV regardless of the well length, with 

only slight preference for short to medium length horizontal wellbore sections. The 

additional energy recovery from increasing the well length and generating additional 

electricity is offset by the increased cost of a longer well.  

One of the most sensitive decisions is the location of the well relative to the natural 

fault. It is clearly optimal to intersect the natural fault (a range of values 0 to 1 leads to an 

intersection of the natural fault, with the value of this parameter indicating the location of 

intersection relative to the well length). Even though the fault may cause thermal short 

circuiting, the additional thermal energy gained from locating the EGS in the hot rock 

surrounding the natural fault overwhelmingly compensates for the risk of thermal short 

circuiting.   
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Figure 3.13: The histogram of NPVs of the stochastically generated EGS models separated into different 

levels of (a) well length and (b) the location of the well relative to the fault. The vertical lines on the bottom 

axis indicate the median NPV of each group. 

The PDFs of the NPV separated into two levels of well diameter are shown in Figure 3.14 

(a) for the production wells and Figure 3.14 (b) for the injection well. Smaller wellbore 

diameters for both the production and injection wells lead to higher NPV. A larger well 

diameter is more costly and a smaller well diameter has higher friction and therefore energy 

losses. The cost savings from using smaller well diameters outweighs the energy savings 

of using large wellbores.   

 

Figure 3.14: The histogram of NPVs of the stochastically generated EGS models separated into different 

levels of (a) production wells’ and (b) injection well’s inner diameter. The vertical lines on the bottom axis 

indicate the median NPV of each group. 

The results presented above indicate that an EGS with a fracture spacing of 10 or 

15 m, smaller well diameters, a distance between 155 and 240 m between the injection and 
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production wells, and which intersects the natural fault will yield higher NPVs. Figure 3.15 

below shows the PDF of NPVs of all models in blue and the PDF of NPVs of the models 

with optimized engineering decisions. The optimized realizations have a median NPV of 

$11 million and a standard deviation of $15 million. There is a 20 million dollar difference 

in the median NPV values between the group of realizations with the optimized engineering 

decisions versus the prior realizations. There is a large uncertainty, though, in NPV for 

both the prior and optimized scenarios. This is because the uncertain and random 

subsurface parameters have the most influence on the NPV of the EGS given this study’s 

model parameterization and uncertainty ranges. In addition, both PDF curves are not 

completely symmetric and unimodal, likely due to the presence of non-linear processes in 

enhanced geothermal systems. While in this chapter we have found the optimized set of 

parameters by examining each control parameter separately, future work could search for 

the combination of parameters that provide the optimal solution by considering all the 

parameters at the same time.  Performing both optimizations with all parameters would 

allow us to compare the results more accurately. 

  
Figure 3.15: PDF of the NPVs of all the stochastically generated EGS models in blue relative to the PDF of 

the NPVs of EGS models with optimized engineering decisions in red. 

3.5 Comparison between the optimization workflows 

Two varying workflows have been used to optimize the EGS: SM-Opt and MM-Opt. SM-

Opt keeps the reservoir model constant and optimizes the engineering parameters. The 

optimal engineering parameters are those that lead to the highest NPV. MM-Opt varies the 

earth parameters of the reservoir model within the ranges of the parameters’ possible values, 
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while also varying the engineering parameters. The optimal engineering parameters are 

those that have the highest median NPV.   

The optimal parameters for the two methods are shown in Table 3.6 below. While 

the SM-Opt methodology gives a single parameter, the MM-Opt gives a range of optimal 

values. MM-Opt using the Monte Carlo algorithm necessitates a large number of 

simulations for each range of engineering decisions in order to account for the changing 

earth models. With a larger number of simulations than used in this study, the Monte Carlo 

method can be used to ascertain more precise ranges of optimal solutions.    

For several of the engineering parameters, the MM-Opt indicated that there is no 

preferred value for those engineering parameters. This carries the additional useful 

information that the EGS is not sensitive to those parameters.    

Table 3.6. Comparison of optimal engineering parameters for the two workflows: optimization given a 

single reservoir model (SM-Opt) and optimization given reservoir model uncertainty (MM-Opt). 

Engineering parameter SM-Opt MM-Opt 

Length of the well (m) 950 No preference. 

Pump power of the producer wells (kW) 917 No preference. 

Distance between the injector and producers (m) 201 Preference for a distance between 155 

and 240. 

Injector maximum well head pressure (MPa) 6.9 Above 10 MPa. 

Fracture spacing (m) 10 10 or 15. 

Producer wells inner diameter (m) 0.17 Less than 0.28. 

Injector well inner diameter (m) 0.28 Less than 0.28. 

Location of well relative to the fault (unitless ratio) 0.67 Between 0 and 1. 

The results in Table 3.6 indicate that for this problem set up the optimal engineering 

decisions for both methods are similar. In general, the SM-Opt identified the decisions that 

the MM-Opt workflow identified as most robust, having a higher NPV given many 

different subsurface realizations. A difference is present in the choice of well head pressure. 

In addition, for two of the parameters: the horizontal length of the well and pump power, 

there is no indicated preference given by the MM-Opt workflow.  
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Figure 3.16 shows the horizontal well length versus the NPV for the simulations of 

the SM-Opt workflow and MM-Opt workflow. The optimal well length using SM-Opt is 

950 m, as shown in the scatter plot of Figure 3.16 (a). On the other hand, for the MM-Opt 

simulations shown in Figure 3.16 (b), there is little correlation between well length and 

NPV. In fact, the median NPV of realizations with well length above 833 m is slightly 

lower as compared to horizontal well lengths less than 833 m. Given the similar median 

NPV values for the possible well lengths, the optimal choice based on the MM-Opt 

workflow would be to have a shorter wellbore and therefore less initial financial investment.  

 

Figure 3.16: Scatter plot of NPV versus horizontal well length for the simulations of the (a) SM-Opt 

workflow. (b) A box plot of NPV versus horizontal well length for the realizations from the MM-Opt 

workflow. The central mark indicates the median, and the bottom and top edges of the box indicate the 25th 

and 75th percentiles, respectively. 

Figure 3.17 shows the NPVs for different fracture spacing criteria for simulations 

from the SM-Opt workflow (Figure 3.17 (a)) and the MM-Opt Workflow (Figure 3.17 (b)). 

The SM-Opt workflow shows a clear increase in NPV as the fracture spacing is decreased. 

For the MM-Opt workflow, the median NPV also increases as the fracture spacing is 

decreased. The difference, however, between a fracture spacing of 10 and 15 m is minimal. 

For the SM-Opt model, there was one specific set of values for fracture aperture and 

fracture length. For these specific set of values, additional fractures yielded sufficient 

energy generation to offset the additional cost of fracturing. On the other hand, in the MM-

Opt workflow, the fracture spacing is not the most sensitive parameter. Once more, an 
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operator may decide based on this data that it is not crucial to pay additional money for 

more closely spaced hydraulic fractures. 

Another important observation in this graph is that SM-Opt generated an optimum 

NPV of $32.7 million for a fracture spacing of 10 m, pointed to by the gray arrow in Figure 

3.17. On the other hand, the MM-Opt led to a median value of $-6.3 million for a fracture 

spacing of 10 m. The MM-Opt is not a worse optimization tool because of this lower value. 

SM-Opt outputs a single optimal solution that is the highest value achieved during the 

optimization process. The highest value in the MM-Opt is $53.5 shown as the red outlier 

above the box plot of fracture spacing of 10 m in Figure 3.17 (b). The optimal solution SM-

Opt is beyond the 75th quantile of the MM-Opt, with the location indicated by the gray 

arrow in Figure 3.17 (b). The representative model used in the SM-Opt was created by 

taking the mean values for each parameter. It is possible that this is a particularly good 

combination of earth parameters, but in reality, it is one of many possible combinations.  

 
Figure 3.17: Scatter plot of NPV versus fracture spacing for the simulations of the (a) SM-Opt workflow. 

(b) A box plot of NPV versus fracture spacing for the realizations from the MM-Opt workflow. The central 

mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, 

respectively. 

3.5.1 Application of MM-Opt to real sites 

This methodology could be used, for example, at the US Department of Energy Frontier 

Observatory for Research in Geothermal Energy (FORGE) site in Utah, which will be 

commencing construction of an experimental enhanced geothermal system in 2020. They 
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have not yet drilled their main `injection well. They need to decide where to place the well, 

what diameter to make the well, how deep to make the well, and what should be the 

horizontal length of the wellbore. Before doing any simulations, the FORGE team can now 

know, based on the work described in this chapter, that considering the uncertainty may 

influence their operational decisions and results. They could perform the same workflow 

for MM-Opt as shown in this chapter: 

1. assess the ranges of uncertainty of the subsurface properties,  

2. create an ensemble of reservoir models that are possible given the subsurface 

uncertainty, and 

3. perform an optimization on this ensemble of reservoir models. 

This study investigates the process of decision making under uncertainty for an 

EGS facility employing multistage hydraulic fracturing in a cased horizontal wellbore. 

Unfortunately, this use of shale gas technology has not yet been tested in a geothermal 

context and therefore no data from a real site can be incorporated into this study. This study 

gives insight for future construction of enhanced geothermal facilities. This methodology 

is crucial for such sites since no matter how much exploration is done, there will always be 

uncertainty about the subsurface. One way of tackling this uncertainty is ignoring it by 

creating one single model, or SM-Opt. In this study, we present another option, MM-Opt, 

and showed that it can lead to more robust solutions that will garner higher expected 

revenue as well as better risk understanding.  

3.6 Conclusions and Future Work 

This study investigated two workflows for optimizing engineering decisions for an EGS: a 

SM-Opt workflow with a single deterministic earth model and a MM-Opt workflow with 

an ensemble of reservoir models. This study found that the SM-Opt led to an optimum 

NPV with the following values: well length of  950 m, pumping power of 917 kW for the 

producer wells, a distance between the production wells and injection well of 210 m, a 

maximum well head pressure of 6.9 MPa, a fracture spacing of 10 m, an inner diameter of 

0.17 m for the production wells, an inner diameter of 0.28 m for the injection well, and 

positioning the EGS such that it intersects the fault.  
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The MM-Opt workflow led to optimum values with a fracture spacing of 10 to 15 

m, well diameters less than 0.28 m, an EGS system that intersects the natural fault, a high 

injection pressure, and a distance between 144 and 240 m between the injection and 

production wells. There were no preferred optimum values for the pumping power of the 

production wells, and length of the well, as these were insensitive parameters given the 

range of subsurface uncertainty.  

The optimal decisions are similar for both optimization methods, besides for the 

parameters that are not influential in the MM-Opt workflow. For the insensitive parameters, 

an EGS operator may choose the less costly engineering options in order to lower upfront 

investment. This additional information regarding the sensitivity of the parameters can thus 

impact the chosen engineering decisions.   

Overall, the SM-Opt workflow suggested more optimistic results, yielding an 

optimum NPV of $32.7 million. On the other hand, the MM-Opt yielded a median NPV 

for the optimized engineering parameters of $11 million and large uncertainty margins. 

When the subsurface properties are known, as is assumed in SM-Opt, optimization can 

yield high values that overestimate EGS productivity and are optimal for one specific 

scenario. While the MM-Opt median value is unsatisfactorily low, it highlights the need to 

either investigate engineering methods that are more robust to uncertain earth parameters 

or better methods to reduce subsurface uncertainty. Having a realistic view of expected 

NPV given the subsurface uncertainty can push for more subsurface assessment and 

engineering analysis prior to making engineering decisions.    

In addition, this work has found that EGS productivity is most impacted by 

variables that were considered outside of the scope of engineering: the hydraulic fracture-

related parameters of mean fracture length and mean fracture aperture. These finding 

highlight the relative importance of further researching hydraulic fracturing technology to 

create larger hydraulic fractures with greater apertures. Future work will include: 

simulating hydraulic fracture propagation in the presence of natural fractures and one or 

more natural faults, calculating important geomechanical effects such as thermal stresses, 

and integrating field data.  



71 
 

Chapter 4 

4 Stochastic inversion of gravity, 

magnetic, tracer, lithology, and fault 

data for geologically realistic structural 

models: Patua Geothermal Field case 

study 

4.1 Preamble 

Financial risk due to geological uncertainty is a major barrier for geothermal development.  

Forecasted production from a geothermal well highly depends on the unknown location of 

subsurface geological structures, such as faults. In geothermal systems, faults host the 

upwelling hydrothermal fluids that provide the source of energy for geothermal power 

plants. Traditionally, geoscientists detect these faults and create a structural model by 

collecting many different datasets, interpreting the datasets manually, and creating a single 

model of fault locations. This method, however, does not provide any information about 

the uncertainty regarding fault locations and often does not fully respect all observed 

datasets. Previous researchers investigated the use of stochastic inversion schemes for 

typical geothermal datasets, but often the proposed algorithms do so at the expense of 

geologic realism. In this chapter, we present algorithms to stochastically invert five typical 

datasets for creating geologically realistic structural models. We show that these inversion 

algorithms successfully find an ensemble of structural models that are geologically realistic 

and sufficiently match the observed data. Geoscientists can use this ensemble of models to 

optimize reservoir management decisions given structural uncertainty.    
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4.2 Introduction 

Globally, 25% percent of greenhouse gas emissions result from electricity generation 

(Pachauri et al., 2014) that is powered by burning fossil fuels. To mitigate climate change 

due to these emissions, we must increase the electricity portion generated by low-carbon 

resources, such as geothermal energy.  

One of the major barriers for geothermal development is financial risk due to 

geological uncertainty (Gehringer and Loksha, 2012; Salmon et al., 2012; Speer et al., 

2014). Drilling a geothermal well costs several millions of dollars, yet there is always 

uncertainty regarding whether the well will produce hydrothermal fluids or not. A well will 

only produce hydrothermal fluids if it intersects a permeable fault carrying hydrothermal 

fluids. The location of the faults in the subsurface, however, is uncertain. Geoscientists 

need to reduce the uncertainty regarding the subsurface fault structures in order to alleviate 

the risk of drilling a "dry well," a risk that hinders geothermal development.  

Improvements in exploration methods for characterizing fault structures can also 

open access to significant geothermal resources. While 3 GW of geothermal energy are 

currently produced in the United States, equivalent to 0.2% of the total U.S. energy 

consumption (U.S. Energy Information Administration, 2016), the U.S. Geological Survey 

assessed that an additional 30 GW of geothermal resources exists in hidden geothermal 

systems in the U.S. (Williams et al., 2008). In hidden geothermal resources, faults carrying 

hydrothermal fluids do not reach the surface and form an easy-to-spot hot spring but may 

rather be covered by the accumulation of sediments or lava bodies. Even in locations with 

surface manifestation of geothermal activity and faulting, the exact location of faults and 

their geometry below the surface can still be difficult to pinpoint.  Improving the techniques 

for delineating and modeling subsurface fault structures will help both to find the large 

hidden geothermal resource in the U.S. and to minimize geothermal exploration risk, 

incentivizing further geothermal development.  

It is important not only to reduce geological uncertainty but also to quantify 

geological uncertainty. Quantifying geological uncertainty is a vital component of 

quantifying financial risk associated with different reservoir development decisions, such 

as drilling a well. Quantifying geological uncertainty can help determine the most robust 
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location to drill or best place to stimulate. Estimating and visualizing the geological 

uncertainty is vital not only for identifying location with higher likelihood of success, but 

also for communicating with investors and insurance companies.  

Many of the current methods for characterizing fault structures are deterministic 

and create only a single geologic model without uncertainty information. Current stochastic 

inversion methods are often not geologically realistic or only invert for few data types. In 

this chapter, we address these shortcomings by creating an ensemble of realistic structural 

models that match five observed data types, using a case study of the Patua Geothermal 

Field in Nevada in the United States. This work shows both how to reduce uncertainty by 

jointly leveraging multiple data types and how to create an ensemble of geologic models 

that conveys the posterior uncertainty regarding the faulting structures in the subsurface. 

4.2.1 Data for characterizing fault structures and their associated 

uncertainty 

Geoscientists characterize fault structures and create computational structural geologic 

models by collecting different datasets and interpreting them in combination with 

background knowledge about local geology. Typical datasets that are collected can be 

broken into four main types:  

1. Geological – such as dips, surface geology, and surface fault traces.  

2. Geophysical – such as gravity, magnetic, magnetotelluric, and seismic. 

3. Wellbore – such as mud logs, lost circulation, drilling notes, and image logs.  

4. Flow-related data – such as pressure transient analysis, tracer data, and flow tests. 

Each of these data types provides different information regarding the location and 

geometry of faults in the subsurface. Yet, none of the data sources provide complete 

certainty regarding the faults' locations, and therefore geoscientists often need to leverage 

their individual professional experience when interpreting the data sources.  

Geological data can provide information regarding the surface trace, dip and 

thickness of faults partially exposed on the surface. Geological data can be projected to 

depth to predict the geometry of faults below the surface, but these interpretations lose 
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certainty with increasing depth. Geophysical data are used to infer fault locations indirectly 

from contrasts in measurements of physical properties or fields, such as the gravity 

potential field. Gravity minutely varies everywhere on earth based on the local density of 

rocks. Faults displace rocks with different densities, creating areas with sharp lateral 

differences in rock density. Therefore, faults can be detected by observing sharp contrasts 

in gravity measurements. This interpretation, however, is not unique, and often 

geophysicists will interpret the contrasts differently.  

Geophysical and geological datasets infer the shape of faults based on data 

collected at the surface, and therefore the interpretation from those methods have 

substantial uncertainty about the positions of faults in the subsurface. An expensive way to 

detect faults, usually costing several million dollars, is to drill a wellbore into the ground. 

After the well is drilled, various sensors and measurement tools are lowered into the well 

to log the properties of the earth at depth. For example, if the well intersects a fault with 

flowing hot water, a temperature log will show an isothermal section extending between 

an inflow and an outflow point. A reservoir engineer can then either mark the inflow and 

outflow points as locations where the well intersects two separate faults, or as an 

extensively fractured fault zone. Other logs, such as image logs and mud logs can also 

detect faults via sinusoidal traces seen on micro-resistivity measurements and zones where 

drilling fluid is lost to a permeable structure, respectively. Yet, well logs do not indicate 

the geometry and extension of faults away from the wellbore. Wellbore data only give 

information regarding points where faults intersect the wellbore. 

When characterizing the fault system in more mature geothermal fields with several 

wells, tracer data can be used to characterize fault structures. Faults can hydraulically 

connect wells. The connectivity between wells and its strength can be determined by a 

chemical tracer. A chemical tracer is injected into one of the wells, and the tracer presence 

is monitored in other wells over time. In crystalline rock, the natural permeability is very 

low, and therefore connectivity between wells is often attributed to faults. Therefore, the 

tracer information is an indicator of a fault network extending between two wells. Yet, 

even though two wells may be connected, this does not mean they are directly connected 

by a single fault that is a straight line between the two wells, and therefore the tracer data 

is more of a topological indicator of well connectivity than an indicator of fault geometry.  
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Each of the data types described above separately leaves room for many possible 

interpretations of the subsurface structure. These data types complement each other and 

need to be combined in order to attain the most information about the location of faults in 

the subsurface. In addition, even when the data sets are combined, there is still large 

uncertainty regarding the subsurface structural model. The task of the geoscientist is 

therefore twofold: 

1. to combine all these data types together and leverage their complementary 

information and 

2. to estimate the uncertainty regarding the different possible elements in the 

subsurface. 

These two tasks aim to guide the geothermal energy developer in field development 

decisions. The developer needs to know both where the faults carrying hydrothermal fluids 

are located and what is the uncertainty regarding the location of faults, which can guide 

risk mitigation.   

4.2.2 Methods used to generate structural models 

Typically, geoscientists create structural models that fit collected datasets by convening a 

group of domain experts to interpret the relevant data sets individually. After the geologists, 

geophysicists, and reservoir engineers interpret the datasets, these domain experts combine 

the various interpretations into one consistent interpretation regarding the location of faults. 

This is an extremely challenging and iterative process because interpretations of the 

individual datasets often do not match each other initially. The whole analysis and 

integration procedure can often take months because it is done manually.  

For example, a previous model of Patua Geothermal Field was created using a 

deterministic method. Cladouhos et al. (2017) evaluated the regional tectonic regime, tracer 

tests and wellbore data, especially zones of lost circulation in the mud logs. Based on the 

connectivity indicated in the tracer data, five faults were delineated. The exact geometry 

of the planar faults was assessed by using a least squares algorithm to fit points of lost 

circulation in the connected wellbores.  This structural model, visualized in Figure 4.1, 

does a perfect job explaining the tracer data and some of the wellbore data but does not 
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provide a fit to other important data types, such as the gravity, magnetic, and granite 

markers. In addition, the created model does not include a balanced geological section 

showing the displacement of the granite top due to faulting or extend beyond the developed 

reservoir area.  

 

Figure 4.1: (a) Patua structural model map view. The purple lines indicate the fault lineaments and the 

black lines indicate mapped faults by Faulds et al. (2011). (b) Three-dimensional representation of the 

structural model, where the dark surfaces are faults and the green surface is the top of the granite. The 

wellbores in the model show the temperature data and the well markers. 

Jolie et al. (2015) describe an advanced version of a typical deterministic workflow 

for creating a complex three-dimensional structural model of fault controlled geothermal 

systems. In this workflow, mapped surface faults and surface geological boundaries, 

interpretation of two-dimensional seismic reflection profiles, gravity data, core data and 

drill cuttings from 19 wells, are used to draw several cross-sections of the subsurface. 

These cross sections in conjunction with the surface traces are then interpolated in three-

dimensional space using geologic software. As an example, they created a detailed 

structural model of Brady’s geothermal field.   

While the structural model created by Jolie et al. (2015) is highly complex, the 

structural model does not contain information regarding the uncertainty associated with 

each element in the subsurface model and does not provide a quantitative measure of the 

model fit to the observed data. Future work on the same Brady’s model by Siler et al. (2016) 

shows that it is possible to construct some measure of uncertainty within a deterministic 
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framework by using an uncertainty metric that is based on the distance from the input data. 

Interpretations are more certain closer to input data than they are in areas further away 

where interpretations are extrapolated. This approach, however, only takes into account 

one of the elements that contribute to subsurface uncertainty: lack of data coverage. It does 

not address other major sources of uncertainty, such as the nonunique nature of 

interpretations. To provide this uncertainty information, it is necessary to create multiple 

models that match the observed data, a task that is often too time consuming to perform in 

a semi-manual deterministic process.    

To better address structural uncertainty and to better match observed data, 

researchers have been developing computational algorithms for creating structural models 

of the subsurface that are conditioned to observed data. Four main components used to 

analyze data mining project (Hand et al., 2001) can also be used to analyze joint inversion 

algorithms: 

1. Task: the target geomodel elements geoscientists aim to estimate and the observed 

data types that needs to be matched in the inversion. Some inversions aim to find 

rock properties, while others target finding structural elements, such as faults and 

surfaces.  

2. Model parameterization: the algorithm used to make the geomodel. The 

following are some examples: a structural model simulator that needs input of 

global parameters, an algorithm that simulates a structural model based on input 

control points that indicate positions of surface boundaries, and a voxel model 

where every voxel can be perturbed individually.    

3. Score or likelihood: the metric for quantifying the mismatch between the observed 

data and the simulated data. This includes how to combine the errors of the different 

data types into a single error measurement, or how to penalize models that are not 

geologically realistic.  

4. Search method: the strategy for exploring the space of model parameters to find 

those with the highest likelihood, or lowest error. Common methods are gradient 

descent, stochastic global optimization methods, Markov Chain Monte Carlo, 

approximate Bayesian computation, and Kalman filter.  
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Previous research on methods for stochastic joint inversion explored different 

combinations of approaches to each of these four components. Witter et al. (2016) 

performed an inversion with the task of finding the density distribution in the subsurface 

that would match observed gravity and geologic data at Brady’s Geothermal Area. They 

used a model parameterization that kept the lithological unit boundaries and structure 

constant and varied the density of each layer with heterogeneous density properties. The 

propriety iterative search method used in the program has a basic scoring of root mean 

squared misfit of the simulated versus the observed gravity data. The model 

parameterization used in their inversion scheme, as well as an inversion project by Vogt et 

al. (2012), use spatially correlated heterogeneous rock density, which is more realistic 

geologically than a constant density model. Yet, a major shortfall of the work is the use of 

fixed geologic boundaries. The fault structures are the most important elements of a 

structural model for a geothermal field, and these were not varied. Similarly, but using a 

different search method, Jardani and Revil (2009) use an Adaptive Metropolis algorithm 

for the task of finding the permeability of 10 units at the Cerro Prieto Geothermal field in 

Baja California by jointly inverting temperature and self-potential data. Yet, they also 

consider the stratigraphic geometry as deterministic. 

Several methods have been developed to vary geometry in the model 

parameterization. Fullagar et al. (2008) wrote an algorithm for the task of combining core 

hole lithology data with geophysical data to find stratigraphic surfaces. Their model 

parameterization method allows both rock properties and the geology surfaces to vary to 

match the geophysical data. The surface movements up and down are constrained by 

“control points” from drill hole data. The search method in Fullagar et al. (2008) yields a 

single resulting model, but there are researchers who have used a combination of such a 

model parameterization together with a search method, Markov Chain Monte Carlo 

(MCMC), that is stochastic (Bosch et al., 2006; Chen et al., 2012). Compared to Witter et 

al., these algorithms are an improvement as they allow a variable geometry. However, these 

methods still cannot identify the location of faults, except by analyzing the inversion results 

and looking for lineaments where the lithological surfaces have large sharp offsets.  

Object-oriented model parameterization methods have been developed to directly 

invert for structural elements. A simple object-oriented model parameterization was 
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developed by Mellors et al. (2014), in which the geometric aspects and location of a single 

fault controlling a geothermal system were allowed to vary as part of a stochastic inversion. 

Aydin and Caers (2017) performed a structural inversion to delineate faults conditioned on 

partially observed interpretation of seismic data. Their model parameterization is more 

complex than that by Mellors et al. (2014) and involved many faults and a marked Strauss 

point process for randomly positioning faults. To add more geologic realism to the fault 

objects, fault placement was restricted by age-relations rules between different fault groups. 

Object-oriented parameterization, however, still does not ensure a geologically balanced 

section, which may be important for geothermal applications that need to match datasets 

such as gravity, magnetics, and markers of the top of stratigraphic units, which depend on 

the movement of stratigraphy due to the position of faults. 

Recently, there has been more research on the use of “potential field” interpolation 

approaches (De La Varga et al., 2019). These methods can include faulting events and 

surface discontinuities at fault location within the interpolation scheme and can directly 

condition to fault and stratigraphy dips and points. While potential fields methods also do 

not ensure a balanced section, such methods can incorporate geologic rules. For example, 

Wellmann et al. (2018) use this method in conjunction with a likelihood term that rewards 

models for respecting certain geologic expectations regarding overlap. 

Many papers have been written with a focus on enhancing the search method. For 

example, M. Chen et al. (2014) use a multivariate adaptive regression spline to create a 

surrogate model for computationally costly flow simulations that are needed as part of an 

inversion process. De Pasquale et al. (2019a, 2019b) use an empirical-Bayes-within-Gibbs 

algorithm, and have a sequential framework of first perturbing the geometry and only then 

perturbing the rock properties. Cui et al (2011) use adaptive delayed-acceptance 

Metropolis-Hastings algorithm and Vogt et al. (2012) use an Ensemble Kalman Filter.  

4.2.3 Challenges with current methods 

There are several issues with current methods for performing joint inversion:  

• Uncertainty quantification: some methods are deterministic and do not provide 

stochastic realizations for uncertainty quantification. 
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• Geologic realism: the parametrization of geothermal models often does not directly 

invert for faults, the central element of geothermal reservoirs, or the structural 

models are too simple or not geologically reasonable.  

• Number of input data: many of the algorithms often invert for only one or two data 

types. While theoretically, many methods can simply include additional data types, 

we have found that with five data types, additional adjustments to the optimization 

algorithm are necessary to address different misfit scales and different convergence 

rates.  

We address these shortcomings in this chapter. 

4.2.4 Chapter structure 

In this chapter, we describe an inversion of five data types collected at Patua Geothermal 

Field to find the ensemble of structural models that match the data (“the posterior” models 

in Bayesian terminology). In the sections below, we discuss the inversion methodology 

and the results of the stochastic inversion.  

4.3 Inversion Methodology 

Following the division presented in the introduction, in this section we review the inversion 

methodology separated into: task, parameterization, likelihood, and optimization. 

4.3.1 Task 

The task of the inversion is to characterize the subsurface fault structures and the 

uncertainty associated with the fault locations. The goal is to have many diverse models 

that fit five observed data types. The uncertainty quantification is achieved by creating and 

displaying the multiplicity of models that match the data. The resulting ensemble of 

matching models will then be used in future research work on optimizing reservoir 

management decisions at the Patua Geothermal Field. For example, when evaluating 

possible locations for drilling or stimulating a wellbore, flow simulations will be performed 

multiple times for each of the posterior models for each of the decisions. The simulated 

flow rate and temperature will then be used to calculate a distribution of net present values 
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(NPV) for each possible decision. These NPV distributions describe the financial risk each 

decision due to geological uncertainty, and this risk information can aid in the decision-

making process. 

To calculate the geological uncertainty, the inversion algorithm will match data 

measurements taken at the Patua Geothermal Field.  The measurements are divided into 

five data types that need to be matched: gravity, magnetic, granite top well markers, 

wellbore fault markers, and tracer data. These datasets are described in further detail in the 

subsections below 

4.3.1.1 Gravity data 

Gravity data, shown in Figure 4.2, was measured at 622 stations throughout Patua and was 

corrected to the Complete Bouguer Anomaly values assuming a rock density of 2400 kg/m3.  

 

Figure 4.2: Points show the measured gravity readings at stations after Complete Bouguer Anomaly 

Correction using a density of 2450 kg/m3. The red rectangle marks the geological model boundary. 
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Magnetic data 

Magnetic data were collected over the Patua field using an ultralight-borne magnetic 

survey. The data were leveled and reduced according to the International Geomagnetic 

Reference Field (IGRF), and this residual magnetic intensity was then reduced to pole (PRJ 

Inc. and Wave Geophysics, 2005). The gridded magnetic data is shown in Figure 4.3. 

 

Figure 4.3: Grid of reduced to pole magnetic data collected at Patua. The red rectangle marks the geological 

model boundary. 
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4.3.1.2 Granite top data 

32 of the wells at Patua (including side-tracks of wells) have mud logs that show a clear 

transition between volcanic rocks and granodiorite or granite basement rocks. Figure 4.4 

shows the points along the wellbore, projected to the surface, where the granite top was 

marked in the wellbore. The numbers next to the points indicate the position of the top of 

the granite surface relative to sea level. 

 

Figure 4.4: Projection to the surface of wellbore markers of the top of the granitic basement. Both the point 

colors and the labels near the points indicate the position of the top of the granitic basement relative to sea 

level. The red rectangle marks the model boundary. The dotted black line indicates the location of the 

Figure 4.5 cross section.  
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4.3.1.4 Wellbore fault data 

Many different types of logs were collected in the wellbores at Patua. The mud log, 

temperature logs, mud-loss logs, resistivity, and sonic logs were used to determine 

locations where faults intersected the wellbore. We marked fault picks with a confidence 

measure on a scale between 0 and 10 to indicate whether the pick was certain or 

questionable, respectively. These markers form the observed wellbore fault data. Figure 

4.5 is a cross section through the reservoir, showing several well trajectories and associated 

mud log data. This figure shows an example of both the granite top markers discussed in 

the previous sections as well as fault picks discussed in this section. The position and extent 

of this cross-section is indicated by the black dotted line in Figure 4.4. 

 

Figure 4.5: A cross section through the Patua Geothermal Field reservoir along the line indicated by the 

black dotted line in Figure 4.4 with projected mud logs and well paths for wells within 200 meters of the 

cross section. The mud logs show the formations of rocks in the wells. The red and black lines are markers 

of the position of the top of the granite basement in the wells and locations where we believe faults 

intersect the wellbore based on analysis of well logs.   
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4.3.1.5 Tracer data 

Tracer tests performed at Patua show hydraulic connectivity between various wells in the 

field. Figure 4.6 shows the well connectivity determined by these tests. Structural geologic 

models proposed during the inversion process will be rated based on their ability to recreate 

this observed connectivity between wells, either by a single fault intersecting each pair of 

connected wells or by having a fault network connect between each pair of connected wells. 

 

Figure 4.6: Map of wellbores at Patua and connectivity found between wellbores via tracer tests. 

Hydraulically connected wellbores are shown with a green arrow connecting them, where the source of the 

arrow begins at the well that injected the tracer. The red rectangle marks the model boundary. 

4.3.2 Model parameterization and prior uncertainty  

Before creating a subsurface model parameterization scheme, we reviewed the regional 

geologic data to understand the possible subsurface scenarios. Specifically, we investigated 

the likely fault dips and azimuths, stratigraphic layers, rock density properties, and 

magnetic susceptibility properties. This step of exploring the pre-conceived notions about 

the regional and local structural geology before rigorous matching of observed data is 

called "quantifying prior uncertainty" (Celine Scheidt et al., 2018). During this step, the 

model parameterization is set up and the ranges of values for all the parameters are defined. 

The stochastic structural models generated according to the ranges of parameter uncertainty 
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defined in this step are called "prior models." These models, which have not been tested 

for matching observed data, reflect the uncertainty regarding the subsurface prior to 

integrating the observed data.  

4.3.2.1 Expected structural elements 

Patua is located in Western Nevada in a transition zone between the Walker Lane dextral 

(right lateral strike-slip) faulting zone and the Basin and Range Province normal faulting 

area. Specifically, Patua is uniquely located between three subdomains: Pyramid Lake, 

Carson, and Humboldt  (Faulds et al., 2010; Faulds and Henry, 2008). Pyramid Lake is a 

dominantly northwest striking right lateral faulting zone. Carson is east striking left-lateral 

zone (Faulds and Henry, 2008). Humboldt structural zone is a dominantly north-northeast 

striking normal faulting zone (Faulds et al., 2010). The zones are distinct in both faulting 

orientation, which changes from eastern to north-western directions, as well as faulting 

type, which varies from strike slip faulting in both Pyramid Lake and Carson (which are 

part of Walker Lane) to normal faulting in the Humboldt structural zone. Based on regional 

tectonic patterns, Patua may be expected to have more north-northeast normal faulting 

structures in the north of the field and possibly some east-west or northwest strike-slip 

structures in the south of the field.  

Faulds et al. (2011) and the U.S. Geological Survey (2006) mapped faults at Patua, 

shown by black and orange lineaments, respectively, in Figure 4.7 (b). These faults follow 

expected regional trends with north-northeast normal faults to the north and south of the 

geological model boundary, and east-west faults southeast as well as southwest of the 

geological model boundary. No faults are mapped in the center and west of the geological 

model boundary, either because the faults do not reach the surface, have been covered by 

sediments, or do not exist.  

To model the uncertainty regarding the existing fault structures, we created a bank 

of faults drawn by geologists, see Figure 4.7 (a), from which to randomly select faults while 

running the inversion algorithm. We created these 107 faults in the fault bank based on the 

gravity and magnetic data, as well as nearby mapped faults. By starting with faults that are 

already informed by the potential fields data and the local structural geology, the algorithm 

can converge faster to models with good matches. After selecting 10 to 20 faults from the 
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fault bank, three dimensional faults are constructed from these fault traces by assigning 

fault dips, dip directions, and elliptical displacement radii lengths to the fault traces 

according to predefined probabilities. During the inversion process, the fault traces are also 

perturbed by rotating, stretching, and translating the fault traces to a limited extent to match 

the observed data. Faults are assigned to different regions of the model, shown by the 

different fault colors in Figure 4.7 (a), so that the fault selection process ensures an even 

distribution of faults throughout the model area.   

 

 

Figure 4.7: (a) A fault “bank” from which faults are randomly drawn during the optimization process. The 

fault selection process takes into account the zone of the faults, indicated by the various colors, in order to 

ensure an even distribution of faults in space. (b) Locally mapped faults. Black and gray faults were 

mapped by Faulds et al. (2011). Orange faults were mapped by the U.S. Geological Survey (2006). The 

structural model boundary is shown in red. 

We tested two other methods of initializing fault placement in the geologic model:  

expert-created faulting scenarios and randomly generated faults. For the expert method, we 

initialized stochastic realizations with one of several fully defined fault characterization 

scenarios created by structural geologists. We then perturbed the dip, length and location 

of these faulting scenarios. This is similar to the method employed by Suzuki et al. (2008) 

and Cherpeau et al. (2012) who relied on expert interpretation of faulting scenarios to 

initialize structural models. Using this method, we were unable to get a good fit to the 

observed data. We also tested random generation of fault traces, but this led to unrealistic 
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fault shapes. The choice of using a fault bank strikes a balance between having too few 

degrees of freedom and on the other hand, having non-realistic fault traces.  

Other researchers have used different methods of sampling faults. For example, 

Cherpeau and Caumon (2015) generated fault networks by placing faults in the model such 

that they pass through one of the "fault sticks" interpreted on a seismic cross section. While 

the method we use attempts to initialize the structural model with faults that would match 

the geophysical data, this method generated faults that already honor some of the 

interpreted fault sticks that are based on seismic data. For our geothermal study, where 

there is no high-quality seismic data, future work could explore whether initializing fault 

locations based on the fault well marker data would yield better results. Another great 

enhancement for our current workflow is to generate fault traces that consider fault 

interactions. For example, Bonneau et al. (2013) generate fault realizations by using 

geometric proxies for mechanics of fracture growth. For example, their algorithm provides 

a geometrical proxy for fault linking, stress shadowing and fault termination, that makes 

fault realizations more geomechanically realistic.  

4.3.2.2 Expected Lithological units 

Following a review of the surface and subsurface geology from mud logs, we have 

determined the model region has a basic geologic stratigraphy with the following layers: 

1. Sedimentary cover, 

2. Mafic volcanic rocks,  

3. Felsic volcanic rocks, and 

4. Granitic basement rock. 

The thicknesses of each of these layers prior to deformation is uncertain. The range of 

thicknesses is determined based on observations from mud logs and defined in Table 4.2, 

see Pollack et al. (2020) for more detail.  

4.3.2.3 Density of lithologic units 

To match the gravity observations, it is necessary to define the bounds of density values of 

the different rock types. The density data collected at Patua is via two density log types: 
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ZDEN (formation bulk density) and ZDNC (Borehole size/mud weight corrected density). 

Figure 4.8 shows the full distribution of rock properties by lithology type. The density 

measurements show that in general the granitic basement has higher density that than the 

volcanic rocks, which have higher density than the sedimentary rocks, as expected. The 

uncertainty regarding the density values is used during the stochastic generation of prior 

models by sampling density values for the lithology based on the distributions found in this 

section. 

   

Figure 4.8: probability density function of the density of various lithology groups.  

4.3.2.4 Magnetic susceptibility of lithological units 

To match the magnetic data, it is necessary to define a range of uncertainty for magnetic 

susceptibility values. There is no collected magnetic susceptibility data for the area. We 

therefore use the following estimated magnetic susceptibility data collected from different 

sources.  

Table 4.1 Ranges of values for log of magnetic susceptibility (SI units) 

 
Min Max Sources 

Sedimentary -5 -3 (Clark and Emerson, 1991; Schon, 2011)  

Extrusive mafic -1 -3 (Clark and Emerson, 1991; Schon, 2011) 

Extrusive felsic -2.5 -5 (Clark and Emerson, 1991; Schon, 2011) 

Granitic -1 -4 (Clark and Emerson, 1991; Schon, 2011) 

Intrusion -1 -3 Assumed same as mafic 

4.3.2.5 Model Parameterization using PyNoddy 

One of the most crucial steps for creating prior models is finding a software that can 

generate geologically realistic subsurface models in a reasonable computational time. For 
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this work, we used the kinematic structural modeling software PyNoddy (Wellmann et al., 

2016), which is a python wrapper for the software Noddy (Jessell and Valenta, 1996). 

PyNoddy can be used to simulate faulting, folding, strain, shearing, rotation, dykes, and 

other geological events. The Noddy algorithm works by starting with a definition of flat 

stratigraphy, discretized the model into 25 to 250 m cubes, and applying a series of geologic 

deformation events to this discretized model. This process ensures that the final geomodel 

is a balanced section, meaning that the final stratigraphic and faulting configuration can be 

explained by a series of geological events form a pre-deformed state. In addition, PyNoddy 

can also forward-simulate the gravity and magnetic signatures of the geomodel based on 

the provided density, magnetic susceptibility and geophysical survey parameters.  

We used PyNoddy for generating structural realizations because kinematic 

simulations strike a balance between geologic realism and computational speed. Physical 

process simulators, such as discrete element simulations that model fault growth and 

interaction of faults given stress boundary conditions (Finch and Gawthorpe, 2017), would 

create the most physically realistic structural models. Yet, these process-based simulations 

take significant computational time and are very difficult to condition to observed data. On 

the other hand, traditional stochastic methods in earth sciences can easily match observed 

data and are quick, but often lack geologic realism. For example, Sequential Gaussian 

Simulation creates smooth realizations of the subsurface and cannot generate fault 

discontinuities. PyNoddy is in the middle between these two extremes, being relatively 

quick (few seconds per simulations) and with the potential to be geologically realistic. 

PyNoddy can generate many geological events, including faults, the cornerstones of fault-

dominated geothermal systems. Crucially, PyNoddy simulates the displacement of 

stratigraphic layers along faults, slipping the rock layers based on an assigned deformation 

ellipse. In our study, we condition to data such as gravity and magnetics, that show 

signatures that relate to the displacement of stratigraphy due to faulting and therefore 

PyNoddy's kinematic simulation captures this important physical process.  

4.3.2.6 Algorithm for stochastic generation of structural models 

Our overall parameterization of the geologic model has five base events and additional 

faulting events, as follows: 
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• Event 1: stratigraphy 

• Event 2: stratigraphy tilting 

• Events 3-5: three basaltic intrusion events 

• Events 6+: a randomly chosen number of faulting events (𝑛𝑓𝑎𝑢𝑙𝑡𝑠) 

We added the tilting and intrusion events based on analysis of the granite top data. 

The data regarding the top of the granite show that the top of the granite is higher towards 

the northeast of the field, indicating a possible tilt in the subsurface. Therefore, to address 

the tilting, we added the tilting event. It is possible that this topography on the granite is 

not due to a tectonic tilting event, but due to the granite intruding to shallower depths to 

the northeast. For the limited extent of the geological model in this study, having a tilting 

event achieves the same geological geometry as an uneven intrusion.  

The intrusion events were added to match gravity and magnetic data. Initial runs of 

the optimization were unable to match three gravity highs as well co-located magnetic 

susceptibility highs in the observed data. We have therefore added in three basaltic 

intrusions that may explain the oval signatures in the data.  

For generating a geological model in Noddy, each defined geologic event 

necessitates several input parameters. For example, each stratigraphic layer needs to be 

defined with a density, magnetic susceptibility and thickness. Each intrusion has a radius 

in three directions, a location, and a density and magnetic susceptibility as well. These 

input parameters are sampled from Table 4.2, which aggregated the ranges of parameters' 

uncertainty defined in previous sections. The overall model creation algorithm is:  

nfaults = 𝑟𝑎𝑛𝑑𝑜𝑚(min = 10, 𝑚𝑎𝑥 =  20) 

𝑆𝑒𝑙𝑒𝑐𝑡 𝑛𝑓𝑎𝑢𝑙𝑡𝑠 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑓𝑎𝑢𝑙𝑡 𝑏𝑎𝑛𝑘  

𝑅𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑠𝑒𝑙𝑒𝑐𝑡 𝑓𝑎𝑢𝑙𝑡 𝑑𝑖𝑝 𝑎𝑛𝑑 𝑠𝑙𝑖𝑝 (𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑡𝑜 𝑙𝑒𝑛𝑔𝑡ℎ) 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑓𝑎𝑢𝑙𝑡 

𝑆𝑎𝑚𝑝𝑙𝑒 𝑠𝑡𝑟𝑎𝑡𝑖𝑔𝑟𝑎𝑝ℎ𝑦 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑓𝑟𝑜𝑚 𝑇𝑎𝑏𝑙𝑒 4.2  

𝑆𝑎𝑚𝑝𝑙𝑒 𝑡𝑖𝑙𝑡 𝑒𝑣𝑒𝑛𝑡 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑓𝑟𝑜𝑚 𝑇𝑎𝑏𝑙𝑒 4.2 

𝑆𝑎𝑚𝑝𝑙𝑒 𝑖𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑓𝑟𝑜𝑚 𝑇𝑎𝑏𝑙𝑒 4.2 

𝐶𝑟𝑒𝑎𝑡𝑒 𝑁𝑜𝑑𝑑𝑦 𝑖𝑛𝑝𝑢𝑡 𝑓𝑖𝑙𝑒 

𝑅𝑢𝑛 𝑁𝑜𝑑𝑑𝑦 𝑢𝑠𝑖𝑛𝑔 𝑖𝑛𝑝𝑢𝑡 𝑡𝑜 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒 𝑔𝑒𝑜𝑙𝑜𝑔𝑦 𝑎𝑛𝑑 𝑔𝑒𝑜𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 
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Table 4.2 Range of property values for the geological and structural events 

Event 1: Stratigraphy 

Layer Density (kg/m3) Log10(Magnetic susceptibility) (SI) Thickness (m) 

Sedimentary 𝑁(2328, 189) 𝑈(−5, −3) 𝑁(150, 20) 

Volcanic mafic 𝑁(2386, 149) 𝑈(−1, −3) 𝑁(675, 100) 

Volcanic felsic 𝑁(2531, 106) 𝑈(−2.5, −5) 𝑁(675, 100) 

Granitic basement 𝑁(2643, 193) 𝑈(−1, −4) Not applicable 

Event 2: Tilting: Tilt: 𝑈[0,5] Tilt direction: 𝑈[310,320] 

Event 3-5: Intrusions 

Intrusion 

number 

Intrusion 

density (kg/m3) 

Magnetic 

susceptibility (SI) Intrusion radii (m) 

Center of intrusion 

(m) 

1 𝑁(2.85, 0.03) 𝑁(−1, −3) 

X-Axis: 𝑁(500, 100) 

Y-Axis: 𝑁(800, 100) 

Z-Axis: 𝑁(3000, 100) 

X: 𝑁(6150, 50) 

Y: 𝑁(4450, 50) 

Z: 𝑁(−2000, 50) 

2 𝑁(2.85, 0.03) 𝑁(−1, −3) 

X-Axis: 𝑁(200, 100) 

Y-Axis: 𝑁(250, 100) 

Z-Axis: 𝑁(3000, 100) 

X: 𝑁(2325,50) 

Y: 𝑁(2931,50) 

Z: 𝑁(1000,50) 

3 𝑁(2.85, 0.03) 𝑁(−1, −3) 

X-Axis: 𝑁(200, 100) 

Y-Axis: 𝑁(250, 100) 

Z-Axis: 𝑁(3000, 100) 

X: 𝑁(2730,50) 

Y: 𝑁(5357,50) 

Z: 𝑁(1000,50) 

Event 6-(6+𝒏𝒇𝒂𝒖𝒍𝒕𝒔): Faults 

Dip (°) Maximum slip (m) Deformation ellipse radii (m) 

Center of 

deformation 

(m) 

𝑈[55,90] 

Dip direction: 

rand(East/West) 

𝑟𝑎𝑡𝑖𝑜𝑠𝑙𝑖𝑝: 𝑁(0.01, 0.1) 

Slip:𝑟𝑎𝑡𝑖𝑜𝑠𝑙𝑖𝑝 ∙ 𝐿𝑒𝑛𝑔ℎ𝑓𝑎𝑢𝑙𝑡 

Length: 𝑓𝑟𝑜𝑚 𝑓𝑎𝑢𝑙𝑡 𝑏𝑎𝑛𝑘 

Depth: 𝑈[0.75,1.25] ∙ 𝑙𝑒𝑛𝑔𝑡ℎ𝑓𝑎𝑢𝑙𝑡  

Outward normal: 𝑈[0.75,1.25] ∙

𝑙𝑒𝑛𝑔𝑡ℎ𝑓𝑎𝑢𝑙𝑡 

X, Y, Z: from 

fault bank 

 

4.3.2.7 Heuristics for geologic realism when using PyNoddy 

One of the downsides of using Noddy when compared to a physics-based simulator is that 

the software does not ensure geologic realism, beyond creating a balanced section. A 

balanced geologic section is only one element of ensuring geologic realism. Faults also 

need to have reasonable slip values given their fault length, and geometries that make 

mechanical sense when considering interactions with nearby faults and general tectonic 

setting at the simulated location. For example, it is possible to input into Noddy a fault slip 

value that is larger than the fault length value, while such a scenario does not exist in nature. 
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In addition, it is possible to generate small faults that cross large faults, or faults that overlap 

other faults, while in nature, the smaller faults may terminate against and not cross the large 

faults. To address this shortcoming, we have added several constraints to Noddy's 

kinematic simulation: 

1. The faults should be chosen from a “bank” of possible faults drawn by geologists 

and only moderately modified from those initial fault drawings.   

2. Faults should not have a constant displacement across their surface, but rather 

should be defined as elliptic, where the displacement (slip) is maximal at the center 

and diminishes towards the edges.  

3. The fault slip should be reasonable given the fault length. 

4. Fault traces should not overlap for more than a predefined portion of their length. 

5. East-west faults are considered more recent and therefore should be more likely to 

cut north-northeast faults.  

We discussed the first constraint of using a "fault bank" in Section 4.3.2.1, and discuss the 

other four in the sections that follow. 

4.3.2.8 Elliptical faults 

Researchers widely accept that while faults themselves might be planar or curvi-planar 

surfaces, the distribution of fault displacement is elliptical, where displacement is maximal 

at the center of the fault, and diminishes to zero at the edges of the fault, following an 

ellipsoidal shape (Kim and Sanderson, 2005), see Figure 4.9. Noddy has the option to 

generate not only planar faults, with constant displacement across a surface, but also elliptic 

faults. This option should be used for all input faults to preserve geologic realism.  
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Figure 4.9: Example of the parameterization of a planar fault with an elliptic fault displacement distribution, 

where fault displacement diminishes outwards according to a shape of an ellipsoid. The dark gray color in 

the center of the deformation ellipsoid on the fault indicates the area with the highest displacement, and the 

outer light gray ellipsoid indicates an area with reduced displacement.  

4.3.2.9 Fault slip vs. fault length 

There is a relationship between fault length and fault displacement: larger faults have larger 

displacement and vice versa. Kim and Sanderson (2005) find the maximum fault 

displacement relates to the length of the fault via the following equation:  

𝑑𝑚𝑎𝑥 = 𝑐𝐿𝑛 4. 1 

where 𝑑𝑚𝑎𝑥 is the maximum displacement, 𝑐 is a constant, 𝐿 is the fault length, and 𝑛 is 

an exponent. Often, an exponent of n=1 is observed in field studies (Kim and Sanderson, 

2005), leading to a linear relationship between the maximum fault displacement and the 

fault length, as shown in Figure 4.10. For normal-fault settings, this ratio between 

maximum fault displacement and fault length is typically between 0.001 and 0.1, based on 

several studies aggregated by Kim and Sanderson (2005). In our modeling workflow, we 

are only representing faults with a length between 100 and 10,000 m and therefore the slip 

values should always fall within the gray zone indicated in Figure 4.10.  
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Figure 4.10: Relationship between fault length and maximum fault displacement. The solid lines show the 

relationship between fault length and fault displacement following the equation: 𝒅𝒎𝒂𝒙 = 𝒄𝑳𝒏, when 𝒏 = 𝟏, 

and 𝒄 =
𝒅𝒎𝒂𝒙

𝑳
, and given different values of 

𝒅𝒎𝒂𝒙

𝑳
. The red dashed line showed the relationship observed in a 

study by Wells and Coppersmith (1994). The gray zone indicates points with acceptable values of slip 

given the fault length for our study. 

4.3.2.10 No completely overlapping fault traces 

The optimization algorithm can randomly select faults that almost completely overlap each 

other. In reality, such faults should quickly terminate against each other or link into one 

another. Since such termination capability is not possible via PyNoddy, we remove faults 

that overlap for more than 25% of their length (with a 100 m buffer to account for the 

simulation cell size) with another fault. Future work should implement in PyNoddy a 

capability to terminate faults or link faults together based on geometrical proxies for stress 

shadowing effects (Bonneau et al., 2013).   

4.3.2.11 Fault age relations 

East-west faults in the Patua region are considered part of the Walker Lane complex and 

typically are more recent than north-northeast faults formed due to Basin and Range 

extension. Therefore, east-west faults should be more likely to cut north-northeast faults. 

Therefore, we have implemented a mechanism where when an east-west fault intersects a 

north-northeast fault, there is a 70% chance that the east-west faults will cut the north-

northeast faults. We do not have statistics regarding the relative percentage of new faults 

that are oriented east-west versus north-northeast, but this is an estimate based on 
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knowledge of general trends in this regions, that east-west faults are in general more recent, 

but not always. 

4.3.2.12 Prior falsification 

Before starting the inversion, we checked whether these prior parameter ranges lead to 

simulated data that is in the ballpark of the observed data. We generated over 1500 prior 

models using the ranges of uncertainty defined in the previous sections. We then simulated 

the gravity, magnetic and granite-top data for each of these models. To compare the 

observed data to the simulated data of the prior models, we transformed the simulated and 

observed data to a lower dimensional space. We then checked whether the observed data 

was sufficiently close to the simulated prior data. This procedure is illustrated in Figure 

4.11 and explained in the work of Yin et al. (2020).  

The results of this prior falsification analysis show that the observed data lies 

sufficiently close to the simulated data of the prior model realizations. Figure 4.12 (a) 

shows the observed data and the simulated data in a reduced dimension space. As can be 

seen, the observed data is on the edge but not an outlier of the observed data, and several 

models have data that are close to the observed data. Figure 4.12 (b) shows the distance of 

each model from the center of the models. The red line indicated the 97.5 percentile of the 

distribution of distances from the center of the models. The observed data is below this line, 

indicating that the observed data is not an outlier, and the prior model definition is 

sufficiently accurately defined and there is a high chance of finding an ensemble of models 

that match the observed data.    
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Figure 4.11: Steps to perform prior falsification, where 𝑛𝑟 is the number of simulated prior realizations, 

𝑑𝑃𝑟𝑖𝑜𝑟 is the simulated data of the prior model realizations, 𝑅𝑀𝐷 is the Robust Mahalanobis distance for 

each realization, 𝜇 and 𝜎 are the robust estimations of the mean and covariance of the data.    
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Figure 4.12: (a) The location of the observed data relative to the simulated data of a set of 1550 prior model 

realizations. The points are in a reduced dimensional space of the simulated data transformed to the first 

two principal components of the data. (b) The Robust Mahalanobis distance of the simulated data or the 

realizations versus the observed data. The red line indicates the 97.5 percentile of the distribution of 

distances.   

4.3.3 Scoring or likelihood criterion 

For the work described in this chapter, the scoring criterion used was the misfit between 

the observed and the simulated data. We review below the different misfit criteria for each 

data type.  

4.3.3.1 Gravity data 

We used PyNoddy to simulate the gravity, then performed a datum shift so that the 

simulated gravity data has the same median as the observed gravity data. The misfit is then 

the mean absolute difference between the observed and the simulated gravity data.  

4.3.3.2 Magnetic data 

The magnetic misfit is the mean absolute difference between the gridded magnetic data at 

a resolution of 250 m by 250 m and the magnetic data simulated by PyNoddy following a 

datum shift.  

4.3.3.3 Granite top data 

When simulating the geology in PyNoddy, the top of the granite layer moves up and down 

at different locations due to faulting and due to the chosen thickness of the layers above 
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the granite. The misfit is the mean absolute difference between the simulated top of granite 

and the observed top of granite in the well logs.  

4.3.3.4 Wellbore fault data 

After simulating faults in PyNoddy, the locations where simulated faults intersect the 

wellbore is calculated. Then the misfit for this data type is the sum of the distances between 

the observed fault markers to the nearest simulated fault markers in the same wellbore. The 

misfit is calculated as follows: 

𝑚𝑖𝑠𝑓𝑖𝑡 = ∑ confidencemarkerobs
∙ min(abs(𝑍𝑚𝑎𝑟𝑘𝑒𝑟𝑜𝑏𝑠

− 𝑍𝑚𝑎𝑟𝑘𝑒𝑟𝑠𝑖𝑚
), 𝑀𝑎𝑥𝐸𝑟𝑟𝑜𝑟𝑀𝑎𝑟𝑘𝑒𝑟)

𝑛𝑚𝑎𝑟𝑘𝑒𝑟𝑜𝑏𝑠

𝑚𝑎𝑟𝑘𝑒𝑟𝑜𝑏𝑠=0

4. 2 

Where confidencemarkerobs
 is the confidence associated with each marker, 𝑍𝑚𝑎𝑟𝑘𝑒𝑟 is the 

Z position (elevation) of the observed or simulated marker, and 𝑀𝑎𝑥𝐸𝑟𝑟𝑜𝑟𝑀𝑎𝑟𝑘𝑒𝑟  is a 

hyper parameter that provides a value for the case in which there are no simulated faults 

that intersect a wellbore. For this study, we chose for it a value of 500 m.  

4.3.3.5 Tracer data 

For our inversion workflow, we assumed that all well connectivity is due to faults because 

the granitic basement that forms the geothermal reservoir has low matrix permeability. By 

analyzing the output of the PyNoddy geological model, we generate a connectivity matrix 

that indicates which fault are connected. We then calculate which faults each well intersects. 

Then, using the Dijkstra algorithm (Dijkstra, 1959), we establish which wells are connected 

to each other via faults. While tracer tests inform about both the existence (or nonexistence) 

of connectivity between wells as well as the strength of that connection, in this study, we 

only use the information regarding the presence of connectivity. Therefore, the misfit for 

the tracer data is calculated as follows: 

𝑚𝑖𝑠𝑓𝑖𝑡 = ∑
0 𝑖𝑓 𝑛𝑜𝑡 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑

1 𝑖𝑓 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑

𝑛𝑡𝑟𝑎𝑐𝑒𝑟 𝑝𝑎𝑖𝑟𝑠

𝑚𝑎𝑟𝑘𝑒𝑟=0

4. 3 
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4.3.3.6 Joint scoring 

A significant challenge in a joint inversion is creating a combined fitness metric for 

variable data types with different ranges of misfit values. For example, the gravity data has 

an error range approximately between 0.5 mGal to 2.5 mGal. On the other hand, the 

magnetic data has an error range between 600 nT and 1000 nT. We used two different 

methods to join the errors of different data types. 

1. Normalization: we measured the mean error of each data type for the first 

𝑛𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 rounds, and then used this mean error to normalize the different data 

types and combine them together. We used this normalization method for the 

MCMC, simulated annealing, and genetic algorithm search methods. 

2. Dominance: the nondominated sorting algorithm does not necessitate combining 

the errors. Models are kept if they “dominate” in terms of low misfit for at least one 

of the data types.  

4.3.4 Search algorithms 

In this study, we used and compared four search algorithms: 

1. Markov Chain Monte Carlo (MCMC) with a Metropolis sampler, 

2. simulated annealing, 

3. basic genetic algorithm, and  

4. Nondominated Sorting Genetic Algorithm (NSGA II) 

We compared these four inversion methods because each one has advantages over others. 

While the MCMC search algorithm is the only algorithm that correctly samples the 

posterior, its convergence time may be long. While simulated annealing and genetic 

algorithms do not sample the posterior, they can be used to generate an ensemble of models 

that match the observed data and may potentially converge faster or achieve lower misfit 

with the observed data. NSGA II was chosen because it is supposed to perform well with 

multiple objectives. We did not implement a gradient descent method because the misfit is 

not differentiable and estimating the gradient via a finite difference approximation would 

necessitate several evaluations for each step. In addition, the misfit space is highly non-
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linear and it is therefore highly likely that gradient descent methods would easily get stuck 

in local minima. Many other search and sampling methods may be viable and a more 

rigorous comparison of search algorithms is a good topic for future research.  

These four search and optimization routines discussed in this chapter are not 

included in PyNoddy. Rather, we have coded these search algorithms either from scratch 

or based on existing packages and integrated them with PyNoddy. The code calls the 

PyNoddy simulator and analyzes PyNoddy's simulation results as part of the search 

algorithm. We briefly describe these optimization algorithms in the following sections. 

4.3.4.1 Markov Chain Monte Carlo with a Metropolis sampler 

Bayesian methods are often used to find the posterior distribution of an event given some 

prior knowledge. In our case, this means finding the ensemble of accepted structural 

models given the prior model regarding the geology. Bayes’ equation for finding the 

posterior is formulated as follows: 

𝑝(𝑚|𝑑) ≅ 𝐿(𝑑|𝑚)𝑝(𝑚) 4. 4 

where 𝑚 is the structural model, 𝑝(𝑚) is the prior probability of a structural model, and 

𝐿(𝑑|𝑚) is the likelihood of a problem, which in our problem is proportional to the inverse 

of the misfit. When the likelihood or prior functions are complex and it is impossible to 

solve the Bayesian equation analytically, Markov Chain Monte Carlo methods are a way 

to arrive at the posterior in an iterative process. We use the Markov Chain Monte Carlo 

method with a Metropolis Sampler (Aydin and Caers, 2017; Mosegaard and Tarantola, 

1995), which is shown in the pseudo-algorithm in Table 4.3. 

. 
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Table 4.3 Pseudoalgorithm for Markov Chain Monte Carlo with Metropolis Sampler 

𝑚0 Initialization of the structural model by selecting a 

subset of faults from the fault bank and randomly 

selecting fault properties within the prior ranges 

𝑓𝑜𝑟 𝑖𝑡𝑒𝑟 = 1 𝑡𝑜 𝑛𝑖𝑡𝑒𝑟 𝑑𝑜 Iterate 𝑛𝑖𝑡𝑒𝑟  times 

    𝑚∗~𝑝(𝑚) Propose a new step 

    𝑢𝑎𝑐𝑐~𝑈(0,1) Draw acceptance probability 

    𝛼𝑀𝑒𝑡𝑟𝑜𝑝𝑜𝑙𝑖𝑠 = min (1,
𝐿(𝑑|𝑚∗)

𝐿(𝑑|𝑚)
) 

         = min (1, exp (−
𝑚𝑖𝑠𝑓𝑖𝑡𝑛𝑒𝑤 − 𝑚𝑖𝑠𝑓𝑖𝑡𝑜𝑙𝑑

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟
)) 

Compute transition probability by calculating the 

combined misfit of all the data types 

    𝑖𝑓(𝑢𝑎𝑐𝑐 ≤ 𝛼𝑀𝑒𝑡𝑟𝑜𝑝𝑜𝑙𝑖𝑠) Accept proposed step if random number is less than 

acceptance probability 
        𝑚 = 𝑚∗ 

    𝑒𝑙𝑠𝑒  

        𝑚 = 𝑚 Reject proposed step 

4.3.4.2 Simulated annealing 

The simulated annealing algorithm (Laarhoven and Aarts, 1987) is very similar to 

the MCMC algorithm, with a single difference of substituting an exponentially diminishing 

parameter instead of the normalization factor, which in simulated annealing literature is 

referred to as “temperature.” In the beginning of the optimization, the temperature is large, 

and this leads to higher acceptance probabilities. Even if a new perturbation in the 

optimization chain does not improve upon the previous step, there is a substantial chance 

that it will be accepted when the temperature value is large. A high temperature value in 

the beginning of the optimization encourages exploration. As the optimization progresses, 

the temperature decreases, and it is less likely that the algorithm accepts proposals that do 

not improve the results. This setup of moving from exploration to exploitation of the search 

space has been found to improve results. A simplified version of the algorithm is shown in 

Table 4.4. 

. 
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Table 4.4 Pseudoalgorithm for simulated annealing method 

𝑚0 Initialization of the structural model by selecting a 

subset of faults from the fault bank and randomly 

selecting fault properties within the prior ranges 

𝑓𝑜𝑟 𝑖𝑡𝑒𝑟 = 1 𝑡𝑜 𝑛𝑖𝑡𝑒𝑟  𝑑𝑜 Iterate 𝑛𝑖𝑡𝑒𝑟  times 

    𝑚∗~𝑝(𝑚) Propose a new step 

    𝑢𝑎𝑐𝑐~𝑈(0,1) Draw acceptance probability 

    𝑇 =  𝑇0 ∗ 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒𝑖𝑡𝑒𝑟 Assign the temperature, 𝑇 

    𝛼𝑀𝑒𝑡𝑟𝑜𝑝𝑜𝑙𝑖𝑠 = min (1,
𝐿(𝑑|𝑚∗)

𝐿(𝑑|𝑚)
) 

                         = min (1, 𝑒−
𝑚𝑖𝑠𝑓𝑖𝑡𝑛𝑒𝑤−𝑚𝑖𝑠𝑓𝑖𝑡𝑜𝑙𝑑

𝑇 ) 

Compute transition probability by calculating the 

combined misfit of all the data types 

    𝑖𝑓(𝑢𝑎𝑐𝑐 ≤ 𝛼𝑀𝑒𝑡𝑟𝑜𝑝𝑜𝑙𝑖𝑠)  

        𝑚 = 𝑚∗ Accept proposed step if random number is less than 

acceptance probability 

    𝑒𝑙𝑠𝑒  

        𝑚 = 𝑚 Reject proposed step 

4.3.4.3 Simple Genetic algorithm 

MCMC and simulated annealing continuously improve a single structural model by 

repeated perturbation and evaluation of the structural model. Genetic algorithms (Back et 

al., 2000; Holland, 1962) emphasize an optimization process using a population of 

“individuals” (sets of structural model parameters) that share information regarding the 

best parameters. Genetic algorithms contain three main steps: selection, crossover, and 

mutation. In the selection step, structural models that have low misfit are preferentially 

selected to be “parents.” In the crossover step, the chosen “parent” structural models 

combine their parameters to form “offspring.” In the mutation step, some random noise is 

added to the process by randomly perturbing some of the parameters of some of the models. 

The basic genetic algorithm we implemented is shown in Table 4.5. We modified the 

python package DEAP: Distributed Evolutionary Algorithms in Python (Fortin et al., 2012) 

to fit the problem of minimizing the misfit for structural models. 
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Table 4.5 Pseudo-algorithm for simple genetic algorithm 

𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝑝𝑜𝑝 Initialize 𝑛𝑝𝑜𝑝 structural models 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 =  𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒(𝑝𝑜𝑝) Evaluating the misfit of the initial model population 

𝑓𝑜𝑟 𝑖𝑡𝑒𝑟 = 1 𝑡𝑜 𝑛𝑖𝑡𝑒𝑟 Iterate 𝑛𝑖𝑡𝑒𝑟  times 

     𝑝𝑎𝑟𝑒𝑛𝑡𝑠 =  𝑠𝑒𝑙𝑒𝑐𝑡(𝑝𝑜𝑝, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠) Select the best models for reproduction 

     𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 =  𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟(𝑝𝑎𝑟𝑒𝑛𝑡𝑠) Combine parameters from the best models to form offspring 

models 

     𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 =  𝑚𝑢𝑡𝑎𝑡𝑒(𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔) Randomly select some parameters of some models and 

perturb them 

     𝑝𝑜𝑝 = 𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 The offspring become the current population 

     𝑓𝑖𝑡𝑛𝑒𝑠𝑠 =  𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒(𝑝𝑜𝑝) Evaluate the mist of the current model population 

4.3.4.4 Nondominated sorting genetic algorithm (NSGA II) 

The algorithm for NSGA II (Deb et al., 2002) is similar to the basic genetic algorithm, 

except for modifying the selection process to better address problems that have multiple 

objectives. For example, the inversion problem discussed in this chapter has five objectives: 

minimizing the misfit for gravity, magnetic, tracer, wellbore granite top markers, and 

wellbore fault markers. In the basic genetic algorithm, the selection algorithm is based 

solely on the combined normalized misfit for all the objectives. For example, in the 

“tournament selection” option,  𝑛𝑡𝑜𝑢𝑟𝑛𝑎𝑚𝑒𝑛𝑡  individual models are chosen from the 

population and the model with the lowest misfit amongst those in the tournament is 

appended to the list of parents. However, when there are multiple objectives, many 

problems arise: 

1. Normalization: to combine multiple objectives, it is necessary to normalize them 

before combining. Yet, there is no clear-cut method to combine different objectives 

into a single misfit. For example, the gravity data misfit and the tracer data misfit 

have different ranges of misfit values and it is not clear whether these data types 

should be combined by either normalizing each misfit by the maximum range of 

the misfit, or by the mean of the misfits calculated during optimization, or by any 

other normalization criteria.   
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2. Convergence: when multiple objectives are combined, if one of the objectives 

converges faster than others, the algorithm may quickly end in a local minima 

where only the rapidly converging objective is respected. 

3. Diversity of solutions: solutions may tend to favor only certain objectives and not 

show models that perform better on other objectives.   

NSGA addresses these issues by selecting models based on two criteria: dominance 

and crowding distance. The dominance criterion determines which models dominate other 

models based on the different objectives. A model that is better than all other models in all 

objectives is assigned to the first “front,” and will be included as a parent in the next 

generation. Models that are better than all other models in all of the objectives, except one, 

may be in the second “front,” and so on. These fronts form the dominance score. In the 

algorithm, models are sorted by this dominance (or “nondominated”) score, and this score 

replaces the typical misfit criteria. 

If models have the same dominance score, then a “crowding distance” is used to 

determine which solution is better. A crowding distance measures the minimum distance 

between one particular structural model and all other models in the objective space. This 

metric encourages models that are more diverse and in less “crowded” areas.  

The basic selection process with the NSGA II algorithm is shown in Table 4.6. This 

algorithm solves many challenges with multi-objective optimization algorithms. First, it is 

not necessary to formulate a single misfit for the models. Models are compared to each 

other in terms of dominance, by comparing the misfit for each objective between different 

models and determining only whether one model is better than the other on a particular 

objective, not mattering by how much. The algorithm encourages selection of models 

whose performance is better in some of the objectives and thus improves both the 

convergence, since the algorithm is less likely to fall into local minima controlled by one 

of the objectives, and has a higher diversity of solutions.  
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Table 4.6 Pseudoalgorithm of the NSGA selection process 

𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛(𝑝𝑜𝑝, 𝑚𝑢𝑙𝑡𝑖𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑖𝑡𝑛𝑒𝑠𝑠) The NSGA II selection algorithm 

     𝑠𝑜𝑟𝑡 𝑚𝑜𝑑𝑒𝑙𝑠 𝑏𝑦 𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑐𝑒 Evaluate the dominance of each model and 

sort the models by their dominance 

     𝑝𝑒𝑟 𝑓𝑟𝑜𝑛𝑡, 𝑠𝑜𝑟𝑡 𝑏𝑦 𝑐𝑟𝑜𝑤𝑑𝑖𝑛𝑔 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 within each dominance front, sort by 

crowding distance 

     𝑐ℎ𝑜𝑜𝑠𝑒 𝑛𝑝𝑜𝑝 𝑚𝑜𝑑𝑒𝑙𝑠 𝑤𝑖𝑡ℎ ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑟𝑎𝑛𝑘𝑖𝑛𝑔 Select the top models from the sorted list of 

models with the highest dominance ranking 

4.4 Results and Discussion 

We ran 1800 jobs of stochastic inversion using the four different optimization algorithms 

described in Section 4.3.4. An example of the result of a single optimization job is shown 

in Figure 4.13. The top row shows the five different observed data sets. The second row 

shows the simulated data. The third row shows the mismatch between the simulated and 

observed data. The fourth row shows the optimization progression for each data type. As 

the iterations progressed, the error decreased for all the varying data types. The error for 

the magnetic field and gravity field decreased the least, but the error for the tracer data and 

the fault intersection data decreased significantly.  
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Figure 4.13: Example of single optimization job. The top row shows the five different observed data sets. 

The second row shows the simulated data. The third row shows the mismatch between the simulated and 

observed data. The fourth row shows the optimization progression for each data type. 

The error per each data type and the total error for all the jobs are shown in Figure 

4.14. All models with error lower than 0.55 (136 models) were classified as matching the 

data. We will be using Bayesian framework terminology and calling these models 

"posterior models," or models that represent our beliefs about the likelihood of the 

subsurface structure following (post) integrating the observed data. We can see that the 

tracer data converged the best, to zero error. The granite top and wellbore fault markers 

had medium errors and the geophysical data have room for improvement in terms of 

convergence.  
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Figure 4.14: (a) Distribution of total misfit values, with light colors indicated the prior models, and the red 

colors indicating the posterior models. (b-f) Distributions of misfit for the different data types in this study.  

Three of the posterior structural models are shown from top (a-c) and side view (d-

f) in Figure 4.15. The top of the granitic layer is shown by the dark brown color in the top 

view, and the colorful surfaces are the fault structures. The blue cylinder is a volcanic 

intrusion. In the side view, the top light brown surface is the site topography. The red 

lineaments are the well trajectories. One can see in these models that the faults displace the 

granite top layers as should be the case in a balanced structural geologic model.     

 

Figure 4.15: An example of three posterior structural models from top view (a-c) and side view (d-f). Red 

lineaments indicate well trajectories, colored surface indicate faults, the dark brown layer is the top of 

granite surface, the blue cylinder is a volcanic intrusion, and the top layer in the side view is the site 

topography.  

While it is difficult to see trends of fault structures by examining the models, it is 

possible to do so by plotting the fault traces of all the posterior models on top of the prior 
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models. Figure 4.16 shows the fault lineaments of the posterior models in blue on top of 

the prior models in red. The prior models basically cover the whole space and do not 

provide any information regarding the location of faults in the subsurface. In the posterior 

lineaments, however, it is evident that there are several locations of north-northeast faults 

that are repeating as well as one or two repeating east-west faults. This can be seen more 

clearly in Figure 4.17, which shows the faulting probability at a grid point through a section 

of the model. Figure 4.18 and Figure 4.19 show similar line and probability maps of the 

prior and posterior for constant y and constant x cross sections through the center of the 

model. While the prior was not very informative, we can see that the posterior has focused 

in on several possibilites.  

 

Figure 4.16: Map view of prior and posterior faults at a constant-z section (0 m elevation). The black 

dashed lines show the locations of the cross sections in the figures below.  
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Figure 4.17: Map view of the probability of there being a fault for the ensemble of prior models (left) and 

posterior models (right).  

 

 

Figure 4.18: (Top) Side view (constant y section) of the prior and posterior fault lineaments. (bottom) The 

prior and posterior probabilities of there being a fault at a given point in the section.  
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Figure 4.19: (Top) Side view (constant x section) of the prior and posterior fault lineaments. (bottom) The 

prior and posterior probabilities of there being a fault at a given point in the section. 

Three dimensional plots can better illustrate the information obtained during the 

inversion.  Figure 4.20 (a) and Figure 4.20 (b) show the likelihood of a voxel containing a 

fault before and after the inversion. These probability maps are created by aggregating all 

of the prior and posterior models and calculating the fault probability based on the number 

of times a fault appears in a certain voxel divided by the total number of models. We can 

see that before the inversion, there are no particular locations where faults are more likely 

to occur, and there is a low chance a fault being located in any specific voxel. The highest 

fault probability in the prior is 0.29. The prior is not very informative.  

On the other hand, after the inversion, there are several locations and structures that 

show a higher fault probability. Figure 4.20 (c) and Figure 4.20 (d) show voxels with a 

fault probability above 0.15. While there are few cells in the prior probability cube that 

show a high likelihood of a fault, in the posterior probability cube there are several visible 

north-northeast structures and one east-west structure that have higher probability. Some 

voxels have a probability as high as 0.66. These may indicate points in the model where 
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observed data has shown that there are fault intersections and the higher probability at these 

points show that the posterior models respect the observed data.  

 

Figure 4.20: (a) Prior fault probability, indicating the probability of a fault being located in a certain voxel 

in space before collected data sets are taken into account. (b) Posterior fault probability, indicating the 

probability of a fault being located in a certain voxel after integrating observed data. (c) Prior and (d) 

posterior fault probabilities, only showing blocks where the probability of a fault is greater than 0.15.   

4.4.1 Prior and posterior distribution of various properties 

As part of the inversion, the values of various properties were varied. By observing the 

distribution of these properties in the models that don't necessarily match the data (prior 

models) and the models that do match the data (posterior models), we can see what range 

of these properties better match the observations. For example, Figure 4.21 (a) shows the 

prior and posterior distribution of the x position of the third intrusion (plug2) in light blue 
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and light red, respectively. While the prior model is mostly uniform, the posterior location 

of the intrusion tends to be around 4100. Similarly the plots in Figure 4.21(b) and Figure 

4.21 (c) show parameters whose posterior distribution better indicate their range of values. 

On the other hand, Figure 4.21 (d) shows the y position of the third intrusion (plug2) and 

this property shows both a uniform prior and a uniform posterior. The observed data did 

not reduce the uncertainty regarding this parameter. Similarly, Figure 4.21(e) and Figure 

4.21(f) show the prior and posterior distribution of parameters that do not show uncertainty 

reduction following the inversion.   

 

Figure 4.21: Prior and posterior probabilities of different properties that are varied during the inversion. (a) 

The x position of the third intrusion. (b) The density of the granitic basement layer. (c) the magnetic 

susceptibility of the mafic layer. (d) The y position of plug number 2. (e) The density of the first intrusion. 

(f) The magnetic susceptibility of the felsic layer.   

4.4.2 Challenges in matching the geophysical datasets 

As we noted previously, the geophysical data, especially the gravity data did not 

substantially converge towards lower error. While the mean posterior gravity error was 

0.92, when we ran the inversion only matching the gravity data, the convergence was much 

better, with errors commonly as low as 0.5 (equivalent to 1.2 mGal) as shown for example 

in the realization in Figure 4.22. We have several hypotheses to explain this phenomenon: 

• Incompatibility between data types: the gravity data may be incompatible with one or 

several of the other data types.  
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• Incorrect choice of error metric: the cell-wise error calculation may not be the 

appropriate one since slight translation of the simulated data can cause large errors.  

• Homogeneous density for each layer: the density of each layer in our models was 

constant, and we can see in the well logs that there is significant density variation 

between layers. 

• Incorrect parameterization of layers: in our model, the stratigraphic layers are assumed 

to begin from a flat layer cake stratigraphy. Perhaps the layers have not been deposited 

or emplaced as flat layers or have been eroded, leading to a more complex pre-faulting 

layering.  

 

Figure 4.22: An example of a realization from an inversion process for matching only the gravity data. The 

figure shows the observed and simulated gravity data (mGal), the mismatch between the observed and the 

simulated data, and the mismatch per iteration during the inversion.  

We encourage further research into search methods and geological parameterization 

strategies to address issues with convergence when multiple data types are present.  

4.4.3 Method comparison 

The performance of all four methods turned out to be fairly similar, as can be seen in Figure 

4.23. We collected the minimum mismatch for each of optimization job and compared the 

methods by grouping the minimum errors by method. While all four methods have similar 

medians, the genetic algorithm produced the models with the lowest mismatch.  
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Figure 4.23: Comparison of the four search methods tested in this chapter via a box plot. The box outlines 

the median and the 25th and 75th percentile, the lines go to the minimum and maximum, and the diamonds 

represent outliers.  

4.4.4 Computational time 

The inversion method proposed in this chapter can be expensive computationally. The plot 

in Figure 4.24 below shows the time for evaluating a single model based on number of 

cells. While we chose a model with a cell size of 150 m, which has a relatively short time 

of around 1 second per model evaluation, many evaluations are necessary per job and many 

jobs are necessary to converge to a satisfying posterior. The different threads, however, are 

completely parallel and therefore it is possible to run the stochastic inversion with many 

threads at once. The results of this chapter were completed using a 96 CPU Google Cloud 

Computing resource within one day.  
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Figure 4.24: Computation time for a single PyNoddy geomodel realization. 

4.4.5 Discussion 

We see that through the inversion process, we were able to reduce the mismatch of models 

by half from a normalized error of 1 to an error of 0.5. While the prior models showed that 

faults could be located almost anywhere throughout the geological model, the posterior 

probability plots highlight areas with a higher likelihood of faults occurring. The ensemble 

of posterior models can now be used in flow simulations to determine the best location for 

drilling or stimulation.  

This work only found the fault locations and does not indicate whether the faults 

are permeable or not. The gravity, magnetic, and granite top data indicate the position of 

faults regardless of whether they are permeable or not. Future work could consider only 

using datasets that indicate permeable fault pathways: such as tracer data, fault intersection 

data, temperature logs, earthquake data, well tests, and production data.  

4.5 Open source code and benchmark data set  

We have put all the data used for this inversion problem and the code on GitHub: 

https://github.com/ahinoamp/PyNoddyInversion. We encourage people to download the 

data and improve the code with new inversion algorithms, and arrive at lower mismatches 

than we presented in this chapter.  

https://github.com/ahinoamp/PyNoddyInversion
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4.6 Conclusions and future work 

Stochastic inversion is a crucial element for developing geothermal reservoirs. Traditional 

stochastic methods in the oil and gas industry, such as sequential Gaussian simulation, and 

other geostatistical methods are not appropriate for the faulted setting of fault-dominated 

geothermal reservoirs. In the work described in this chapter, we show steps of the stochastic 

inversion process: determining the prior uncertainty, parameterizing the structural model, 

setting up a likelihood function, and using an optimization scheme to find the posterior 

ensemble. We developed a method for performing an inversion to create geologically 

realistic structural models that match five typical geothermal data sets. We significantly 

reduced the prior uncertainty regarding fault locations. The resulting ensemble of posterior 

models can be used to evaluate different reservoir development decisions and quantify the 

financial risk of different choices due to the geological uncertainty. For example, reservoir 

engineers can simulate the additional geothermal production from drilling an extra well for 

each of the posterior structural models and obtain a distribution of the additional fluid 

production that can be translated to a probability distribution of financial return.  

This work used five data types, yet it is possible to add several more data types to 

the inversion process, such as the temperature logs, the dips from both image logs and 

surface observations, density data from well logs, and production data. In addition, it is 

possible to set up the density and magnetic susceptibility distributions as heterogeneous 

properties. There is room for improvement in the optimization results. Creation of a 

synthetic case study to test different optimization algorithms with a known synthetic "truth" 

may assist in quantifying the success of different algorithms.  
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Chapter 5 

5 Quantifying financial risk due to 

geological uncertainty in geothermal 

reservoir management decisions: Patua 

Geothermal Field case study 

5.1 Preamble 

Geological uncertainty often stalls development of geothermal resources. Geothermal 

developers do not want to invest funds in drilling a well when they do not know the 

likelihood of encountering a favorable geology. There are no examples in the literature of 

quantifying the financial risk of various reservoir development decisions for real 

structurally complex geothermal fields given geological uncertainty. In this chapter, we 

provide a case study of calculating the distributions of financial return for four possible 

development options at Patua Geothermal Field: drilling one of two possible side-tracks to 

an existing well or stimulating one of two possible existing wells. The previous chapter 

presented stochastic inversion algorithms for finding an ensemble of geologic models that 

match observed geological, geophysical, well log, and tracer data. We show how to select 

representative structural models for flow simulations from this ensemble and calculate the 

expected returns of the different options given each realization. We demonstrate the use of 

an innovative fault-tracking temperature interpolation for determining the natural state 

temperature. We show how the information regarding geological uncertainty can translate 

into financial risk and inform reservoir development decisions. Given the details of this 

case study, we found that the best economic decision was to stimulate an existing well.  
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5.2 Introduction 

At different stages of a geothermal energy project, a geothermal developer may decide to 

invest money to increase the project's energy output. The developer can increase the energy 

output by either upgrading elements of the power plant facility, such as the turbine or 

cooling tower, or further developing the geothermal reservoir to increase the heat supply.  

A reservoir engineer can provide several options for increasing either the 

temperature or flowrate from the surface into the power plant facility. Typically, options 

could include either drilling a new well, drilling a side-track to a well, changing the 

pressure controls on the wells, installing pumps, or stimulating the rocks around a wellbore 

to increase flowrate. To decide on the option that yields the highest Net Present Value 

(NPV), reservoir engineers need to numerically simulate the temperature and flowrate from 

the reservoir given the different possible development decisions. The simulated energy 

output can then be used to calculate the NPV of subsurface development projects. 

Compared to power plant development options, there is, however, larger risk 

associated with subsurface development options (Gehringer and Loksha, 2012; Salmon et 

al., 2012; Speer et al., 2014) that is difficult to quantify. When making power plant 

upgrades, a developer can easily estimate the return of investment on a new turbine. There 

is little uncertainty regarding efficiency of both the old turbine and the prospective new 

turbine. If there is historical information regarding the expected flow and heat rates from 

the reservoir, this information can be used to calculate the extra energy produced from 

switching to a more efficient turbine. On the other hand, there are many different types of 

uncertainty when trying to predict the result of subsurface reservoir improvement choices.  

There are many uncertainties when forecasting the outcome of different reservoir 

development decisions. We can group the uncertainties into three major categories: 

• Geological and structural uncertainty: the uncertainty due to the unknown geometry 

and properties of the fault structures in the subsurface as well as the rock properties, 

such as porosity, permeability and thermal conductivity. These geologic and 

structural parameters are vital as input into numerical simulations that can predict 

the outcome of development choices. These parameters and their associated 
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uncertainty can be estimated via inversion methods but can practically never be 

known with absolute certainty. 

• Natural state uncertainty: the uncertainty due to the unknown temperature and 

pressure field, as well as the heat and water flux into the field, prior to any 

geothermal development. These values are input into the numerical simulation as 

initial conditions and have a strong impact on the forecasted hydraulic and thermal 

output of the field.  

• Flow simulation uncertainty: the uncertainty due to the numerical simulation 

method. The flow simulator may not take into account all of the relevant physics or 

have insufficient grid refinement to model the flow phenomena. Flow simulations 

can sometimes only account for thermal and hydraulic impacts and ignore 

geomechanical or geochemical effects that may be important given the stress and 

geochemical setting.  

In this chapter, we address the problem of optimizing geothermal reservoir 

development decisions given geological and structural uncertainty. Witter et al. (2019) 

state that evaluation of geothermal reservoir development options and associated risk 

should focus on the parameters that most highly impact the financial bottom line of a 

geothermal project: reservoir permeability, temperature, and volume. Structural 

uncertainty, which in our study relates to the location and geometry of faults, directly 

controls all three of those high impact parameters. Patua, like most other geothermal fields, 

is a fault-controlled geothermal system, where faults form the main conduits for rising 

hydrothermal water (Moeck, 2014). Because hot water flows up faults, the structural 

geology controls the temperature distribution in these geothermal fields. In fault-controlled 

geothermal fields, the faults often dictate both the permeability and the volume of the 

reservoir as well. For example, at Patua, the geothermal reservoir is within a practically 

impermeable granitic rock with little porosity. The faults form the permeable connections 

between injection and production wells and contribute secondary porosity that forms the 

reservoir volume.  

We are focusing on decision making given structural uncertainty because this 

uncertainty is highly important in predicting geothermal reservoir performance. Numerous 
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studies have found that the permeability and temperature distributions (which in our 

parameterization are a function of fault location) strongly influence geothermal energy 

production. Aliyu and Chen (2017) found that reservoir permeability and the geothermal 

gradient most influence geothermal energy production. Similarly, Pollack and Mukerji 

(2019) and   Zhang et al. (2019) found that fault related parameters had the most influence 

on hypothetical enhanced geothermal systems. For a geothermal prospect in California, 

Chen et al. (2015) also found that fault geometry and permeability were two of the most 

critical factors.  

In this chapter, we provide a case study of making a reservoir development decision 

at Patua Geothermal Field given geological and structural uncertainty. In Chapter 4, we 

have shown an ensemble of geologic and structural models that match five observed data 

sets at Patua. These myriad possibilities of structural setting at Patua reflect the uncertainty 

in the subsurface at the site. Given this uncertainty, we analyzed four alternative decisions 

currently being considered to improve energy production at Patua geothermal field:  

1. Drilling a sidetrack at an azimuth of 270 degrees off preexisting well 14-28.  

2. Drilling a sidetrack at an azimuth of 215 degrees off preexisting well 14-28. 

3. Hydraulically stimulating well 58-29 and then using it as an injection well. 

4. Hydraulically stimulating well 16-29 and then using it as an injection well, while 

also turning on nearby well 24-29 as a production well. 
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Figure 5.1: (a) Satellite image of the Patua geothermal field with the location and paths of wells. (b) Zoom-

in on the yellow highlighted rectangle in subfigure (a). The map shows three possible development 

decisions: drilling a side track at 270 or 215 off of well 14-28 or stimulating well 58-29 and using it as an 

injection well.    

Other researchers have performed optimization of reservoir management scenarios 

at Patua. Yet, previous studies have two main shortcomings: they are either geologically 

unrealistic and/or consider only a single model of the subsurface that does not reflect the 

subsurface uncertainty. Figure 5.2 shows an example of reservoir models used in two 

previous numerical reservoir simulation studies at Patua (Garg et al., 2015; Murphy et al., 

2017). The reservoir model in Figure 5.2 (a) presents a reservoir model of Patua that 

consists of various compartments with different values of permeability. Yet, as it is 

hypothesized that Patua is in a fault-controlled geothermal system, for this model to be 

geologically realistic, there would need to be more clearly delineated fault structures in the 

model. The reservoir model in Figure 5.2 (b) shows permeability structures that represent 

the Patua geothermal field as a system of five discrete faults. This model has more realistic 

structural components. This model, however, only presents one single interpretation of the 

subsurface structure at Patua even though many interpretations are possible. Ignoring the 

subsurface uncertainty can harm decision making regarding geothermal development 

operations.  
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Figure 5.2: (a) Geologic model of the Patua geothermal field reservoir by Garg et al. (2015). Different 

colors represent rock types with different rock properties, such as permeability and porosity. Modified from 

Garg et al. (2015). (b) Patua reservoir model showing the permeability structures and well locations, by 

Murphy et al. (Murphy et al., 2017). 

Many researchers have looked into optimizing various geothermal operations (Li 

et al., 2016; Samin et al., 2019; Willems and Nick, 2019). Yet, most of these analyses 

consider the geological scenario constant and only vary the human-controlled operation 

decisions.  

Researchers have investigated methods for stochastic optimization given structural 

uncertainty in the oil and gas industry. For example, Shirangi and Durlofsky (2015) 

developed a framework to optimize the number, location and flow controls of new wells in 

an oil field given geological uncertainty. Prior to deciding the location of a new well, 

history matching is performed to generate an ensemble of models matching old and newly 

collected production data using an adjoint-gradient-based randomized maximum 

likelihood method. Optimization over a large decision space is then performed using a 

hybrid particle swarm optimization-mesh adaptive direct search algorithm. Many of the 

methods used in the oil and gas industry are transferable to the geothermal industry after 

adjusting to the different geological setting of geothermal reservoirs, where the structural 

geology (faults) plays a much more dominant role. 

There are very few examples within the geothermal literature of optimization under 

geological uncertainty. Trainor-Guitton et al. (2017; 2014) consider the decision of whether 
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to collect additional magnetotelluric data given geological and geophysical uncertainty and 

the value of the potentially collected information in determining well placement location. 

Pollack and Mukerji (2019) considered the optimization under uncertainty of a hypothetical 

enhanced geothermal system. Chen et al. (2015) optimize the location and production rate 

of reinjection wells at a geothermal prospect at Superstition Mountain, California given the 

uncertainty of fault length and permeability using a surrogate model for expediting the 

optimization process. Daniilidis et al. (2016) and Vogt et al. (2013) perform uncertainty 

assessments and optimization with varying geological and fault properties, but constant 

structural model (constant fault locations and geometry). Our current study improves upon 

these works by performing the optimization under uncertainty using an ensemble of 

structural models that: (1) are geologically realistic and complex, (2) have variable number, 

location and characteristics of fault structures, and (3) acceptably match five separate real 

data sets from a geothermal field.  

In the following section, Section 5.3, we discuss the methods used to select 

representative models for performing the flow simulation, the choice of reservoir properties 

and the decision theory concepts used to make a decision under uncertainty. In Section 5.4, 

we show the results of running the optimization on the ensemble of models. We then 

discuss the implications of the results on the decision-making process at Patua.   

5.3 Methods 

In the previous chapter, we presented a stochastic inversion process that generates 

geologically realistic structural models that match gravity, magnetic, tracer, lithology, and 

fault data collected at Patua Geothermal Field. These models are generated using PyNoddy 

(Jessell and Valenta, 1996; Wellmann et al., 2016), a kinematic structural geology 

simulator, which ensures a certain level of geologic realism. We found 180 models that fit 

the collected data at the field to an acceptable level and that define the structural uncertainty 

at the field.  

Management at Patua are considering four possible development options and need to 

choose the best decision given the geological uncertainty. We propose the following steps: 

1. select representative models on which to run flow simulations, 
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2. set up a flow simulation model and grid, 

3. determine the best estimates for the missing reservoir properties, 

4. estimate the initial temperature and pressure conditions, 

5. simulate the four decisions and the base case scenario and calculate the NPV for 

each simulation, 

6. make a risk-tolerance informed decision regarding the best development choice. 

These steps are illustrated in Figure 5.3. This workflow is meant to quantify uncertainty in 

production due to uncertainty in the structural geological model, especially the fault 

network geometry. Steps 3 and 4 provide estimates for flow related subsurface properties 

and initial conditions instead of evaluating the uncertainty regarding these properties and 

simulating the flow response given this uncertainty. Uncertainty quantification of the flow 

properties is outside the scope of this chapter. Future work should add flow properties into 

the inversion scheme by fitting the production data available at Patua Geothermal Field. In 

this work, we are assuming that the connectivity of fault structures is more important than 

the permeability values of those structures. While water may flow slower in faults with 

lower permeabilities, flow would not be possible at all if the faults did not exist or were 

not connected.   

In the following subsections, we review in further detail each of steps one through six.  
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Figure 5.3:Outline of the steps for optimizing geothermal decisions given geological uncertainty. (Step 0): 

Three map view snapshots on top and three side view snapshots on bottom of posterior geological models 

that match observed data. (step 1): Plot of the posterior models projected to MDS space and colored by the 

clusters. Stars indicate chosen representative models. (Steps 2+3): A structural geological model and its 

equivalent flow simulation model. (Step 4): The temperature field interpolated throughout a single 

realization. (Step 5): The simulated mean production temperature and total flow rate and the calculated 

MW generated over a period of 15 years. To the right, is the calculated distribution of NPV values. (Step 

6): a plot of the utility of the different decisions as a function of risk aversion.   

5.3.1 Selecting representative models 

To compute the expected returns from different reservoir development options, reservoir 

engineers need to simulate the temperature and flow rate output from the geothermal field 

for each decision as well as a base case scenario where no reservoir improvement actions 

are taken. Theoretically, since there are many geological models that match the data 

(𝑛𝑟𝑒𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑠), it is necessary to simulate all the development options (𝑛𝑐ℎ𝑜𝑖𝑐𝑒𝑠) for each 

geological realization, leading to a total number of 𝑛𝑟𝑒𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑠 ∙ (𝑛𝑐ℎ𝑜𝑖𝑐𝑒𝑠 + 1) necessary 

flow simulations. For our study, this would mean running 900 (180 ∙ 5) simultations. 

However, there is often both limited time and computational resource availability for 

performing this many simulations, where each simulation in this study takes an average of 

5 hours on a single CPU.  
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One solution is to select representative models on which to perform the flow 

simulations (Kang et al., 2019). Many of the fault models may be similar to each other and 

thus it may not be necessary to run flow simulations on all of them to get the full range of 

possible flow scenarios. We are interested in grouping the models based on similarity in 

flow patterns. Yet, to determine flow-field similarity, we would need to run flow 

simulations on all the realizations, which is the time-consuming task we are trying to limit.  

In this chapter, we assume that models that have faults at the same location also have 

similar flow patterns. We compare the cell-wise location of faults by calculating the 

Euclidean distance between the signed-distance-transformation of realizations. Future 

work should investigate and validate the measure of similarity, and test distances that better 

reflect flow patterns, such as performing a quick streamline simulation (Scheidt and Caers, 

2009) or perhaps analyzing fault topology. 

We employ four steps to select these representative models. First, we calculate the 

signed distance from the faults for each faulting realization, as shown in Figure 5.4 (a). 

This distance is necessary to avoid a situation where models that are practically identical 

but slightly offset from another are compared. If the faults are just treated as binary values, 

then the mismatch may be high even though the models are similar. On the other hand, 

using a signed distance, these models would still show that they are similar. Second, we 

calculate the Euclidean distance between the structural models and form a distance matrix 

(Figure 5.4 (b)).  

Third, we transform the structural models into multi-dimensional scaling (MDS) 

space (Borg and Groenen, 1997), where similar models are placed closer to each other. 

Last, we perform k-medoids clustering, which both divides models into groups and selects 

one of the models per each group as its center. Figure 5.4 (c) shows the structural models 

in MDS space. Each point in this space represents a full three-dimensional geological 

model, and models are colored by the clusters determined via the k-medoids algorithm. As 

can be seen by the small map-view sections below Figure 5.4 (c), models that belong to the 

same cluster are similar to each other and therefore it may not be necessary to perform flow 

simulations on all of them to get the full range of uncertainty. The starred points in Figure 

5.4 (c) are the cluster centers, which we will be using as the representative models for the 

flow simulations. Finding the representative models can save significant computation time 
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at little cost. The calculations described in this section, though they may look complex, 

actually take less than five minutes to run on a single core and the code for this analysis is 

available on GitHub, see Yin et al. (2020). 

 

Figure 5.4: (a) Transformation of a fault model from a binary representation to signed distance from the 

fault. (b) Calculating the dissimilarity of structural models by calculating the Euclidean distance between 

each pair of models. The figure shows the dissimilarity matrix and example values and structural models 

and their actual computed dissimilarity. (c) The structural models in multi-dimensional scaling space,  

cluster centers for the models, and examples of structural models that are in the same and in separate 

clusters. 

5.3.2 Flow simulation model and grid 

To forecast the geothermal energy production, we simulated the flow rate and temperature 

for the whole geothermal field, which includes 7 to 8 injection wells and 6 to 7 production 

wells (depending on the decision evaluated). The Patua reservoir includes both faulted and 

non-faulted areas. There are many ways to model fracture-matrix interaction systems 

(Doughty, 1999). We chose to use a dual porosity and dual permeability continuum. Using 

this method, the zones without faults are simulated by a single matrix continuum and grid 

elements with faults are simulated via two overlapping continua with "matrix" and "fault" 
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properties, see Figure 5.5. Mass and energy equations are solved for both continua and the 

two zones communicate with each other via a transmissibility term added to the basic flow 

and energy equations. We used the simulator CMG STARS (Computer Modeling Group 

Ltd, 2017) for this study.  

Other researchers have used a similar dual continuum approach for modeling 

geothermal systems. Wanner et al. (2014) simulated a highly fractured zone in Dixie Valley 

by making the fault portion of the grid have a dual continuum. Wang et al. (2016) used a 

dual continuum to model a fractured zone in Cooper Basin, Australia, and Pruess and 

Narasimhan (1982) developed a similar dual continuum approach, Multiple Interacting 

Continua (MINC), which has been applied to model many fractured geothermal reservoirs. 

Hao et al. (2013) showed that given correct upscaled flow parameters, dual continuum 

methods can correctly capture fault behavior when compared to very fine scale discrete 

fracture models.  

For our study, we are using the fault elements to model both the fault core as well 

as the fault damage zone, areas of subsidiary fracturing around the fault core. Data 

compilation by Childs et al. (2009) shows that faults with displacement of 10 to 1000 m, 

as we have in this study, have damage zones with thicknesses between 1 and 200 m. We 

are representing the faults with elements of a thickness of 67.5 m and therefore this 

approximation is sufficient for modeling the fault zone. Other methods are also possible. 

For example, one could mesh faults and the surrounding matrix with an unstructured mesh 

and then simulate flow on the fault faces where the fault thickness would be accounted for 

in the calculation (Athens and Caers, 2018; Berre et al., 2019). Such a method would 

provide thinner faults and not necessitate explicit meshing of thin fault elements and is 

worth exploring in further work.      
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Figure 5.5: (a) A realization of the faulting structure at Patua. (b) The numerical model with the fault zone, 

modeled with a dual continuum, in red, and the single continuum elements marked by blue.  

The mass and energy balance equations solved in CMG STARS include a "fracture-

matrix flow" term. For the mass balance equations, the fracture-matrix term is as follows 

(Computer Modeling Group, 2018): 

𝑓𝑟𝑎𝑐𝑡𝑢𝑟𝑒 𝑚𝑎𝑡𝑟𝑖𝑥 𝑓𝑙𝑜𝑤 = 𝜎𝑝𝜌𝑝ℎ𝜆𝑝ℎ𝑥𝑝ℎ1𝑖𝑐ΔΦfm 5. 1 

where 𝜎𝑝  is the transmissibility factor, 𝜌𝑝ℎ  is the fluid phase density, 𝜆𝑝ℎ  is the phase 

mobility, 𝑥𝑝ℎ1𝑖𝑐 is the mole fraction of the ith component in phase l, and ΔΦfm is the fluid 

potential. The connection between the matrix and the fractures is achieved via the 

transmissibility factor, 𝜎𝑝, which was formulated by Gilman and Kazemi (1983) as: 

𝜎𝑝 = 4𝑉𝑏 ∑
𝑘𝑚𝑖

∗

𝐿𝑖
2

 

𝑖

5. 2 

where 𝐿𝑖  is the fracture spacing in the x,y, and z directions, 𝑘𝑚𝑖
∗  is the effective matrix 

permeability in all directions, and 𝑉𝑏 is the block volume. The transmissbility factor 

controls how much connnectivity exists between the fault and matrix domain. When a zone 

is highly fractured, and has a small fracture spacing, the transmissibility or shape factor is 

high and there is a strong connection between the matrix and fault domain, allowing for a 
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more complete harvesting of heat from the matrix and less chance of thermal breakthrough. 

We discuss the choice of this important value for this study in Section 5.3.3.5. 

5.3.2.1 Modeling hydraulic fracturing of wells 58-29 and 16-29 

We used a simplified method to model the decisions to hydraulically fracture wells 58-29 

and 16-29. Instead of modeling the process of fracturing, we created locally refined grids 

around wells 58-29 and 16-29, with thin elements extending in the direction of the 

maximum principal horizontal stress, the expected direction of propagation of hydraulic 

fractures. Rubin (2010) proposed this strategy of using local grid refinement with a 

logarithmic spacing in order to generate thin elements that will represent hydraulic 

fractures. He compared the local grid refinement method, where the hydraulic fractures are 

represented by 0.61 m thick cells to a reference solution with 0.0003048 m wide cells and 

found a good agreement.  

Because real hydraulic fractures are much thinner than 0.61 m, an equivalent 

permeability is assigned to the hydraulic fracture using the following equations (Rubin, 

2010):    

𝑄𝑟𝑒𝑓𝑖𝑛𝑒𝑑 𝑔𝑟𝑖𝑑 = 𝑄𝑐𝑜𝑎𝑟𝑠𝑒 𝑔𝑟𝑖𝑑  

𝐾𝑓𝑤𝑓ℎ𝑓

𝜇
(

𝑑𝑃

𝑑𝑥
) =

𝐾𝑒𝑓𝑓𝑤𝑒𝑓𝑓ℎ𝑓

𝜇
(

𝑑𝑃

𝑑𝑥
) 

𝐾𝑓𝑤𝑓 = 𝐾𝑒𝑓𝑓𝑤𝑒𝑓𝑓  

𝐾𝑒𝑓𝑓 =
𝐾𝑓𝑤𝑓

𝑤𝑒𝑓𝑓

 5. 3 

where Q is the flowrate,  𝐾𝑓 is the fault permeability, 𝑤𝑓 is the fault aperture, ℎ𝑓 is the fault 

height, 𝜇  is the fluid viscosity, 
𝑑𝑃

𝑑𝑥
 is the applied pressure gradient,  𝐾𝑒𝑓𝑓  is the new 

effective permeability, and 𝑤𝑒𝑓𝑓 is the new effective aperture. We discuss the choice of 

hydraulic fracture parameters, such as permeability and porosity in Section 5.3.3.8. Figure 

5.6 (b) shows the thin elements around well 16-29 used to model the hydraulic fractures, 

and Figure 5.6 (c) shows the hydraulic fracture in a three-dimensional plot.  
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Figure 5.6: (a) A model with grid sizes decreasing towards the area of interest. The red blocks represent the 

faulted domain and the blue cells represent the matrix domain. (b) Zoom into the grid around well 16-29, 

where thin vertical elements represent hydraulic fractures. (c) Three-dimensional snapshot of the simulation 

model, with the faults shown in red, the hydraulic fracture elements in green, and the wellbores in gray.  

5.3.2.2 Grid rotation set to parallal direction of maximum horizontal stress 

We assumed that following stimulation, the hydraulic fractures will propagate in the 

direction parallel to the maximum horizontal stress. Lund-Snee and Zoback (2020) 

analyzed borehole breakout and drilling induced tensile fractures recorded on FMI image 

logs from Patua. They found the maximum horizontal stress direction to be N28°E (high 

"B" quality data), N27°E (medium "C" quality data), and N22°E (low "D" quality data) at 

three separate wells. At nearby Desert Peak Geothermal Field, 25 km north of Patua, the 

maximum horizontal stress direction from borehole breakout analysis was found to be 

N27°E (Robertson-Tait et al., 2004), in agreement with the analysis done at Patua. 

However, this is somewhat different than the values of the principal horizontal stress 

direction found for Fallon, Nevada, 35 km southeast of Patua, of N7°E±12° (Blake and 

Davatzes, 2012). We chose the semi-consistent value of N28°E as the maximum horizontal 

stress direction, and as can be seen in Figure 5.6, we rotated the grid 28° from north so that 

the grid elements representing the stimulated hydraulic fractures would point in the 

direction in which hydraulic fractures would propagate.   
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5.3.3 Setting up the reservoir properties 

The joint inversion step described in the previous chapter provides an ensemble of earth 

models. These earth models are populated with the location of faults and the rocks' 

lithology and associated density and magnetic susceptibility properties. Examples of the 

fault structures are shown in Figure 5.7, and examples of the lithology structure are shown 

in Figure 5.8. The inversion step, however, did not include inverting for the permeability, 

porosity, and thermal properties of the lithologies and fault. As these parameters are 

necessary for flow simulation, these properties must be assigned to the different rock 

lithologies and faults prior to performing flow simulation.   

 

 

Figure 5.7: Examples of 3 fracturing realizations.  

 

Figure 5.8: Example of a block view and cross section view of the geologic model showing the different 

geological layers.  

The following sections discuss the choice of rock and fault properties that were 

used in the flow simulation. When available, the property values were chosen based on 
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data measured at Patua. When local data are not available, the properties are based on 

measurements reported in the literature for similar sites.  

5.3.3.1 Porosity 

Porosity values have only been measured at Patua for the granodiorite rock, which showed 

a very low porosity of 0.7% (KC et al., 2019). While this number may seem low, we have 

found similar numbers reported in the literature for granodiorite, such as 0.6%  (Schild et 

al., 2001) and 0.54% (Siratovich et al., 2015).  

We have neutron porosity logs for the wells at Patua. These logs show on average 

that the porosity of the sedimentary, mafic, felsic and granodiorite rocks are 38%, 33%, 

20%, and 13%, respectively. These log values are much higher than those reported in the 

literature and most likely have not been normalized appropriately. Therefore, we will only 

be using them to note that the mafic volcanic rocks have porosities close to the sedimentary 

top layers, and that the bottom felsic rocks have porosities closer to the granodiorite.  

We used a value of 10% porosity for the sedimentary top layer, following the model 

of nearby Dixie Valley, Nevada by McKenna and Blackwell (2004). Lutz et al. (2011) 

found that at Bradys Hot Springs, 27 km North of Patua, the top Andesite layers have an 

average porosity of 9%. We used this value as that of the top mafic layer for our models. 

We used a value of 4% for the porosity of the felsic layer because this value is an 

intermediate value between the granodiorite porosity and the mafic porosity, and the 

porosity logs showed that the porosity of the felsic layer was slightly closer to that of the 

granodiorite.   

5.3.3.2 Matrix permeability 

No matrix permeability measurements were done at Patua and therefore the permeability 

values were assigned based on measurements reported in the literature. For the sedimentary 

layer, we are using a value of 1×10-15 m2 (1 md) for the horizontal permeability and a value 

of 1×10-16 m2 for the vertical permeability following the assumptions of McKenna and 

Blackwell (2004) for the sedimentary fill in Dixie Valley, who state that anisotropic 

permeability has been observed in sedimentary layers. 
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Lutz et al. (2011) found that 10 out of 11 of the volcanic samples they tested at 

Bradys Hot Springs had permeabilities lower than 1×10-17 m2. Similarly, Siratovich et al. 

(2015) measured permeabilities of 7.39×10-20, 6.10×10-18, and 1.35×10-20 for basalt, 

rhyolite and granodiorite rock samples under 1 MPa pressure. Laboratory-measured 

permeability values, however, use small and intact specimen and have been found to mostly 

reflect the lower end of matrix permeability (Brace, 1980). Ranjram et al. (2015) compiled 

a list of matrix permeability values in crystalline rocks that have been measured via in-situ 

measurement methods such as drill stem tests and injection tests that better reflect field-

scale permeability values. This compilation shows a median permeability of 1×10-17 m2 for 

rocks below 0.1 km as well as a trend of decreasing permeability with depth. Though these 

values are highly uncertain, we chose permeability values of 1×10-17 m2, 1×10-18 m2, and 

1×10-19 m2 for the matrix permeabilities of the mafic, felsic and granodiorite rock layers.    

5.3.3.3 Thermal properties 

Thermal conductivity has been measured for the mafic, felsic and granodiorite rocks at 

Patua. We will be using these measured values of 1.93, 1.63, and 2.66 
𝑊

𝑚°𝐾
 for the basalt, 

dacite and granodiorite rock samples (Geothermal Laboratory, 2016).  For the sedimentary 

layer, we will be using a thermal conductivity of 1.25 
𝑊

𝑚°𝐾
 following McKenna and 

Blackwell (2004). We did not have measurements of heat capacity, and therefore used 

values from Schon (2011). Table 5.1 summarizes the chosen values for the matrix 

properties of permeability, thermal conductivity, heat capacity and thermal conductivity. 

Table 5.1 Properties of the four lithologic layers.  

 Porosity 

(%) 

Permeability 

horizontal 

(m2) 

Permeability 

vertical (m2) 

Thermal 

Conductivity 

(
𝑾

𝒎°𝑲
) 

Heat 

capacity 

(
𝒌𝑱

𝒌𝒈°𝑲
) 

Sedimentary 10 1E-15 1E-16 1.25 1 

Volcanic mafic 9% 1E-17 1E-17 1.93 0.88 

Volcanic felsic 4% 1E-18 1E-18 1.63 1.14 

Granodiorite 0.7 1E-19 1E-19 2.66 1.09 
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5.3.3.4 Equivalent continuum permeability of fault domain 

Fault permeability and porosity play an important role in forecasting thermal and hydraulic 

performance of a geothermal field. However, the permeability values of faults are 

extremely difficult to measure. Based on the pressure transient analysis work by Garg et al. 

(2015), we know that the transmissivities measured in the productive wells at Patua range 

from 50,000 to 150,000 md-ft. The challenge in interpreting the transmissivity values lies 

in assigning the reservoir thickness over which the transmissivity applies in order to 

calculate the permeability. Garg et al. (2015) use a reservoir thickness of 7000 ft (2133 m), 

and therefore assign permeable zone values between 7 and 21 md (7-21×10-15). A different 

flow simulation model of Patua by Murphy et al. (2017) used a dual continuum formulation 

and assigned faults permeabilities in the range of 20-125 md (20-125×10-15). These 

permeabilities were determined by history matching the temperature, pressure and 

production history of the geothermal field.   

In the literature, we have found dual continuum equivalent fault permeabilities with 

values of: 

• 1×10−14 m2 (Mckenna and Blackwell, 2004) for Dixie Valley, NV, 

• 1×10−14 to 1×10−10 m2 (Wanner et al., 2014) for Dixie Valley, NV, and 

• 26.8×10−15 for the Geysers, CA (Pruess, 1983). 

Unlike the analysis by Garg, we have analyzed that the reservoir thickness, from 

the isothermal temperature section observed in the well, see Figure 5.9, is actually typically 

900 m (2953 ft). Using this reservoir thickness, we have calculated and will use a fault 

permeability of 34 ×10-15 m2. This fault permeability value is an estimate based on collected 

well testing data. Future work should include solving for the fault permeability inside the 

inversion scheme by matching production data. This would allow to assess the likelihood 

of whether each individual fault is permeable and what is the range of possible permeability 

values for each fault.  
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Figure 5.9: Temperature logs of production wells at Patua. The black bracket highlights the reservoir 

thickness, which is identified via the quasi-isothermal sections seen in the temperature logs.  

5.3.3.5 Fracture spacing 

In the dual continuum formulation used in this paper, the fracture spacing controls the 

connectivity between the matrix and fracture domains. When there is a higher fracture 

spacing, and a higher distance between fractures, then there is less connectivity between 

the matrix and fracture domains (see Equation 5.1). To determine the fracture spacing, we 

examined image logs collected at Patua. We found that the spacing of the fracture picks 

was between 0.32-12.192 m, as shown in Table 5.2. The average fracture spacing along 

the recorded image logs is 1.24 m. Figure 5.10 shows an example of an image log, where 

the rock is highly fractured with fracture picks approximately every foot.  

However, the fracture spacing found in image logs should be thought of as a lower 

limit on the fracture spacing since many of the fractures are sealed. It has been found in 

other geothermal sites, such as Habanero, Australia (Bendall et al., 2014; Hogarth and Holl, 

2017) and Soultz, France (Jean, 2015) that only very few of fractures recorded in image 

logs are actually hydraulically conductive (Pollack et al., 2021).  

Other researchers have a large variation for values of fracture spacing for dual 

continuum simulations. Wanner et al. (2014) used a value of 0.707 m to model flow in 

Dixie Valley, Nevada. Wassing et al. (2014) used a fracture spacing of 10 m to model a 
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natural fracture zone in a model inspired by the Soultz, France, geothermal site. Pruess 

(1983) used a value of 50 m to model a fractured zone in the Geysers. We have decided to 

use a fracture spacing of 10 m assuming a large portion of the fractures seen on the image 

logs are not hydraulically conductive. This fracture spacing is applied in each of the three 

principal grid directions, leading to a fracture spacing that is actually 3.33 m.   

Table 5.2. Number of fracture picks in sections of the well logs based on image log analysis.  

Well name Measured 

Depths (ft) 

Section 

length 

(m) 

Number of 

fracture picks 

Fracture 

spacing 

(m/fracture) 

14-28 7660-9530 569.976 395 1.442977215 

21-19 6600-6800 60.96 31 1.966451613 

21-19 7300-7500 60.96 5 12.192 

36-17 7434-9969 772.668 326 2.370147239 

36-17 ST1 5686-10050 1330.147 1121 1.186571989 

38-21 7988-9407 432.5112 720 0.60071 

38-21 ST1 5190-6345 352.044 799 0.440605757 

38-21 ST2 7680-7743 19.2024 59 0.325464407 

44-21 6978-8552 479.7552 138 3.476486957 

77-19 7695-7819 37.7952 95 0.397844211 

88-19 ST1 6507-8697 667.512 439 1.520528474 

85-19 ST1 7660-9789 648.9192 252 2.57507619 
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Figure 5.10: Example of image log from well 77-19 showing the high density of fracture picks. The 

columns show the measure depth, the caliper log, the fracture picks (depth, dip and azimuth), a rose 

diagram of the azimuths of the fracture picks, and the image log with two different types of normalization. 

The pink lines on the image log show the natural fractures, which have a sinusoidal shape when viewed on 

a 2D image log.  

5.3.3.6 Equivalent continuum porosity of fault domain  

The fault domain porosity is defined as the pore space divided by the total volume of the 

block. We can calculate the porosity of the fault domain as follows: 

𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒 𝑃𝑜𝑟𝑜𝑠𝑖𝑡𝑦 (𝑟𝑎𝑡𝑖𝑜) = ∑
𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝐴𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑖 ∙ 𝑛𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝑠 𝑎𝑙𝑜𝑛𝑔 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑖

𝐺𝑟𝑖𝑑𝑊𝑖𝑑𝑡ℎ𝑖

{𝑖,𝑗,𝑧}

𝑖

 

= ∑
(𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝐴𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑖 ∙

𝐺𝑟𝑖𝑑𝑊𝑖𝑑𝑡ℎ𝑖

𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝑆𝑝𝑎𝑐𝑖𝑛𝑔𝑖
)

𝐺𝑟𝑖𝑑𝑊𝑖𝑑𝑡ℎ𝑖

{𝑖,𝑗,𝑧}

𝑖

= ∑
𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝐴𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑖

𝐹𝑟𝑎𝑐𝑡𝑢𝑟𝑒𝑆𝑝𝑎𝑐𝑖𝑛𝑔𝑖

{𝑖,𝑗,𝑧}

𝑖

5. 4 
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Following Pruess (1983), we used a fracture aperture of 2×10-4 m and a fracture 

spacing of 10 m, which equals a fracture porosity of 6×10-5 when accounting for the 

porosity of fractures in all directions.   

5.3.3.7 Summary of properties of fault domain properties 

Table 5.3 shows a summary of the flow properties of the fault domain. There is large 

uncertainty regarding these properties. The focus of this work is on the uncertainty 

associated with the fault geometry and topology at Patua and therefore we are not exploring 

the uncertainties associated with these values. Future work should look into incorporating 

flow-related observations into an inversion scheme to find an ensemble of models that 

match the flow data. 

Table 5.3. Summary of fault domain flow properties   

Property Value 

Porosity  6E-5 

Permeability (i,j,z directions) 34E-15 m2 

Fault spacing 10 m 

5.3.3.8 Hydraulic fracture height, length and permeability 

In this study, the decision to hydraulically stimulate wells 58-29 was modeled by using 

logarithmically spaced local grid refinements with elongated thin vertical elements. As 

discussed in the grid section, the grid is rotated to 28° to align with the likely direction of 

propagation of the hydraulic fractures. The Basin and Range is an extensional stress 

domain and therefore fractures would be expected to be vertically oriented. Since we are 

not directly simulating the mechanical process of hydraulic fracture, we made assumptions 

from the experience at other sites regarding the resulting hydraulic fracture height, length, 

aperture and resulting permeability. 

5.3.3.9 Fracture height and length 

At the Groß Schönebeck, Germany geothermal project, hydraulic stimulation in volcanic 

rock resulted in hydraulic fractures with an estimated height of 90 m and estimated half-

length of 190 m (Zimmermann et al., 2010). Hydraulic-mechanical simulations done by 

Hoffmann et al. (2014) and Reinicke (2009a) show that fracture length can range from 150 
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m to 300 m for typical stimulation pressures. For this study, we have decided to use a 

medium value of 225 m for both the hydraulic fracture half-length and height. We are 

assuming that the granodiorite has isotropic rock properties and does not exhibit stress 

layering.  

5.3.3.10 Fracture permeability 

There is large uncertainty regarding the permeability of the resulting hydraulic fracture. 

One way to predict the permeability of the hydraulic fracture is to use a modified version 

of the cubic law that accounts for fracture roughness (Wassing et al., 2014): 

𝑘𝑓 = 𝑐𝑓𝑘

𝑤2

12
5. 5 

where 𝑘𝑓  is the fracture permeability, 𝑤  is the fracture aperture, and 𝑐𝑓𝑘  is a constant 

between 0 and 1 accounting for fracture roughness. Based on simulations, apertures of 

hydraulic fractures range approximately from 0.0005 to 0.0018 m (Hofmann et al., 2014; 

Reinicke, 2009b). Using the above equation, with a fracture roughness of 0.1, the expected 

fracture permeability range is between 2.1×10-9 m2 and 2.7×10-8. Since the grid we are 

using to represent these fractures is 0.5 m thick, by inserting these apertures into equation 

5.3, we see that there is a range of equivalent fracture permeabilities between 2.1×10-12 to 

9.72×10-11. Wassing et al. (2014) simulated hydraulic fracturing at the Soultz geothermal 

project and calculated an aperture of 5.5×10-5 m. We will be using this value for our study 

as well. Given the grid thickness of the hydraulic fracture of 0.5 m, this is equal to an 

equivalent permeability of the hydraulic fracture elements of 2.77×10-12 m2. 

5.3.4 Initial and boundary conditions 

The initial temperature and pressure distributions are important elements of a numerical 

model of a geothermal reservoir. Typically, reservoir engineers assign boundary conditions 

that include heat and fluid flow at the bottom or sides of the model. Depending on the 

permeability and structures in the model, these boundary conditions may lead to complex 

temperature and pressure fields that include convection loops or flow up faults that leads 

to increased temperatures along the fault structures, see for example, McKenna and 

Blackwell (2004). When observed data such as temperature and pressure logs are available, 
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these datasets are used in an iterative process to constrain the boundary conditions for the 

"natural state geothermal model."  

Inverting for the natural state within a stochastic optimization workflow is too 

computationally expensive. The natural state of pressure and temperature depends on the 

geometry and permeability of faults in the subsurface. Each subsurface realization has a 

different fault structure, and thus, each geological realization would need to undergo an 

inversion process of many iterations to find the natural state model. A single iteration of 

simulating the natural state model took us approximately 3 hours with 4 CPUs, and the 

inversion process would probably take several iterations, and therefore finding the natural 

state model would take significant computational time. There are 30 geological realizations 

as part of this study, and therefore the traditional tactic of natural state modeling was 

deemed infeasible for this study. 

5.3.4.1 Fault-tracking and physics-based temperature interpolation  

Instead, we propose the use of a novel "fault-tracking interpolation" method for 

simultaneously simulating a quasi-physical temperature field and matching observed data. 

In fault-controlled geothermal systems, hot water flows up faults. The permeable fault zone 

heats up and transfers that heat through diffusion to the rocks surrounding the hot fault. 

The temperature distribution around a fault can be modeled following the analytic solution 

to the problem of the temperature distribution around a linear constant temperature 

boundary due to thermal diffusion (H. S. Carslaw, 1959):    

𝑇𝑚(𝑦, 𝑡) = 𝑇0
𝑚 + (𝑇0

𝑓
− 𝑇0

𝑚)𝑒𝑟𝑓𝑐 (
|𝑦|

2√𝐷𝑇𝑡
) 5. 6 

where 𝑇𝑚 is the reservoir temperature as a function of time and distance from the fault, 𝑦 

is the distance away from the fault along the fault normal, 𝑇0
𝑚  is the initial reservoir 

temperature, 𝑇0
𝑓
 is the temperature of the fault surface, 𝐷𝑇 is the rock thermal diffusivity, 

and 𝑡 is the amount of time over which the diffusion takes place. It is unknown how long 

there was convective flow throughout the faults at Patua, so therefore assumptions will 

need to be made. 
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In addition, the background matrix temperature follows a geothermal gradient. We 

therefore, substitute the following equation that takes the depth of the grid element into 

account when considering the temperature into Equation 5.6: 

𝑇0
𝑚 = T𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + Tgradient ∙ 𝑇𝑉𝐷 5. 7 

where T𝑠𝑢𝑟𝑓𝑎𝑐𝑒  is the ambient temperature at the surface, Tgradient  is the temperature 

gradient with respect to depth (℃/𝑚), and 𝑇𝑉𝐷 is the true vertical depth from the surface. 

Similarly, the temperature inside the fault also decreases along the fault, and the following 

equation is substituted into Equation 5.6:   

𝑇0
𝑓

= Tℎ𝑜𝑡 𝑠𝑝𝑟𝑖𝑛𝑔 + Tgradient fault ∙ 𝑇𝑉𝐷 5. 8 

where Tℎ𝑜𝑡 𝑠𝑝𝑟𝑖𝑛𝑔  refers to temperature measured at a hot spring at the surface and 

Tgradient fault refers to the rate of temperature increase along the fault. Both of these values 

should be higher than those for the matrix. Future research can further refine the physical 

assumptions and numbers used for these equations.  

The process for interpolating the temperature is as follows: 

1. Calculate the distance to the nearest fault for every point in the simulation grid. 

2. Calculate the expected temperature around faults according to the diffusion 

equation 

3. Interpolate the values of fault azimuth and fault dip for every point on the 

simulation grid. 

4. Use co-located cokriging or collocated kriging to simulate the temperature 

distribution throughout the field.  

• Use a varying azimuth for the variogram at every grid point using the 

interpolated values of the fault azimuths. 

• Use a varying plunge for the variogram at every grid point following the 

interpolated values of the fault dips. 
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Figure 5.11 shows the different properties that were calculated as part of the 

interpolation scheme. The results of the temperature field are similar in shape to numerical 

studies of the temperature falloff from faults (McKenna and Blackwell, 2004).  

  

Figure 5.11: (a-d) Different grid properties necessary for interpolating the temperature field. (e) The 

theoretical temperature based on the heat diffusion equation and assumptions regarding the temperature 

inside the faults. (f) The resulting temperature interpolation.  

This interpolation method can be compared to other interpolation methods that do 

not take physical processes or fault geometry into account. For example, Figure 5.12 shows 

inverse distance interpolation (Figure 5.12 (a)) and kriging with a constant (Figure 5.12 (b)) 

variogram. These methods do not take into account the fault structure in the field, an 

example realization of which is shown in Figure 5.12 (c), which has north-east faults in the 

north, but also east-west faults in the south. On the other hand, the fault-tracking 

interpolation shown in Figure 5.12 (d) shows a temperature field that follows the fault 

orientation, and also splits into multiple directions of continuity at locations where there is 

an intersection of faults of different azimuth. While we provide in this chapter a visual 

indicator that our proposed interpolation matches physical simulations, future work could 
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simulate subsurface models using both the interpolation and a physical process simulators 

and compare the results.   

 

Figure 5.12: (a) An example of inverse distance interpolation used to interpolate the temperature data 

shown in the well logs. (b) An example of kriging interpolation on the temperature data collected at the 

wells. (c) An example realization of the subsurface faults. (d) The resulting temperature field using the 

fault-tracking interpolation.  

5.3.5 Calculating the net present value for the different decisions 

In order to compare different reservoir development decisions, it is necessary to calculate 

a performance metric via which to compare different decisions. For this study, we are 

comparing different decisions by calculating the incremental NPV due to the decision over 

fifteen years of operations. The NPV is calculated as follows:  
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𝑁𝑃𝑉 = ∑
𝑁𝑒𝑡 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑆𝑎𝑙𝑒𝑠

(1 + 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑅𝑎𝑡𝑒)𝑛

15

𝑛=1

− 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐶𝑜𝑠𝑡𝑠 5. 9 

where 𝑛  is the number of years over which the NPV is calculated. The electricity 

generation is calculated using the following equations: 

𝑆𝑎𝑙𝑒𝑠𝑒  ($) = 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑛𝑒𝑡  (𝑘𝑊ℎ𝑟) ∙ 𝑃𝑟𝑖𝑐𝑒𝑘𝑊ℎ𝑟 5. 10 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑛𝑒𝑡  (𝑘𝑊ℎ𝑟) = 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑔𝑟𝑜𝑠𝑠  (𝑘𝑊ℎ𝑟) − 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑜𝑤𝑒𝑟 𝑝𝑢𝑚𝑝𝑠 (𝑘𝑊ℎ𝑟) 5. 11 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑔𝑟𝑜𝑠𝑠  (𝑘𝑊ℎ𝑟) = Mass 𝐹𝑙𝑜𝑤 𝑅𝑎𝑡𝑒 (
𝑘𝑔

𝑠
) ∙ (ℎ𝑖𝑛𝑙𝑒𝑡 (

kJ

kg
) − ℎ𝑜𝑢𝑡𝑙𝑒𝑡 (

𝑘𝐽

𝑘𝑔
)) ∙ 𝜂𝑝𝑙𝑎𝑛𝑡 ∙ 𝐻𝑜𝑢𝑟𝑠 5. 12 

where ℎ𝑖𝑛𝑙𝑒𝑡  and ℎ𝑜𝑢𝑡𝑙𝑒𝑡  are fluid enthalpy at the production wells and turbine outlet, 

respectively, 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑝𝑜𝑤𝑒𝑟 𝑝𝑢𝑚𝑝𝑠 is the electricity necessary to power pumps to both 

inject fluid into the injection well and produce fluid from the production wells, and 𝜂𝑝𝑙𝑎𝑛𝑡 

is the efficiency of the plant. The mass flow rate and fluid enthalpy are the main elements 

controlling the NPV and are simulated using CMG STARS. 

For each structural model realization, we simulated a base case of the well controls, 

without any reservoir development decisions, to have a base prediction, as well as calculate 

a base NPV, 𝑁𝑃𝑉𝑏𝑎𝑠𝑒 . Then, for each structural model realization, we simulated the 

scenarios with all of the wells continuing to operate under the same conditions with the 

addition of the wells operated as part of each of the different possible reservoir 

development decisions, 𝑁𝑃𝑉𝑏𝑎𝑠𝑒 𝑤𝑖𝑡ℎ 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛. The NPV of each decision, 𝑁𝑃𝑉𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛, can 

then be calculated as: 

𝑁𝑃𝑉𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑁𝑃𝑉𝑏𝑎𝑠𝑒 𝑤𝑖𝑡ℎ 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 − 𝑁𝑃𝑉𝑏𝑎𝑠𝑒 5. 13 

The different possible reservoir development decisions involve brining online only 

one or two additional wells and it would have been possible to independently simulate the 

production from just these added wells. However, we simulated the different decisions by 

keeping all the wells operating with their usual well controls in addition to simulating the 

flow from the added wells. This ensures that the calculated NPV takes into account the 

possibility that the additional wells may decrease or increase the temperature or production 

of existing wells.  
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The values of the financial parameters: electricity price, discount rate, and initial 

cost are detailed in Table 5.4. The initial costs are based on internal estimates by Cyrq 

Energy, the company operating Patua Geothermal Field. Wells 58-29, 16-29, and 24-29 

are located on the other side of a highway from the Patua Power Plant and are not connected 

via pipelines to the plant. Due to this unique layout, the decision to stimulate well 58-29 

and the decision to stimulate well 16-29 have additional costs of connecting pipelines from 

the power plant underneath the highway to the well heads, where the need to dig a 

passageway for the pipelines beneath the highway adds significant costs. The overall costs, 

however, for these decisions are significantly lower than those for putting online wells in 

a completely new greenfield geothermal facility for two reasons. First, there is no need to 

construct a power plant or add any additional turbine units to the Patua power plant since 

there is spare capacity at the power plant. Second, we assumed that there are no additional 

operating expenses for producing energy from these wells (besides the parasitic pump load).     

Table 5.4. Financial parameters 

 Item value Details and source of information 

Electricity sale price per kWhr 

($) 

0.076 The average price of electricity in recent geothermal 

PPA agreements (Hernandez et al., 2016). 

Discount rate for first 2 years 0.15  

Discount rate for further years 0.07 Assumes a lower rate of interest after the development 

project is increasing production. 

Initial Costs: drilling a side-track 

to well 14-28 at 270 degrees and 

buying and installing a pump 

$1,600,000  $1,000,000 for drilling a side track and $600,000 for 

buying and installing a new pump. Based on internal 

Cyrq Energy estimates.  

Initial Costs: drilling a side-

track to well 14-28 at 215 degrees 

and buying and installing a pump 

$1,900,000   $1,300,000 for drilling a side track and $600,000 for 

buying and installing a new pump. The proposed side 

track at 215 degrees is longer than the 270 degrees one. 

Based on internal Cyrq Energy estimates. 

Initial Costs: Stimulating well 

58-29 and connecting to plant 

$2,200,000 $700,000 for the stimulation and rig mobilization and 

$1,500,000 for running pipes below the highway to 

connect to power plant. Based on internal Cyrq Energy 

estimates. 

Initial Costs: Stimulating well 

16-29, buying a pump for well 

24-29 and connecting both wells 

to the plant 

$3,800,000 $700,000 for the stimulation and rig mobilization; 

$600,000 for buying and installing a new pump in well 

24-29; and $2,500,000 for running two pipes below the 

highway to connect to the power plant. Based on 

internal Cyrq Energy estimates. 
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The production temperatures dictate not only the fluid enthalpy, but also the plant 

efficiency, which is a function of the fluid temperature. Figure 5.11 below shows the plant 

efficiency as a function of temperature, showing that efficiency declines with decreasing 

temperatures..  

 
Figure 5.13: Plant efficiency as a function of temperature. This plot is based on (Lukawski et al., 2018).  

5.3.6 Making a risk informed decision 

The best decision out of four proposed choices will be the one with the highest expected 

NPV. The NPV of each decision for each realization, 𝑁𝑃𝑉𝑖𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥
, is multiplied by the 

probability of the realization, 𝑃𝑖 , to find the expected NPV of each decision, 

𝐸(𝑁𝑃𝑉𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥), using the following equation:  

𝐸(𝑁𝑃𝑉𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥) = ∑ 𝑃𝑖 ∙ 𝑁𝑃𝑉𝑖𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥

𝑛𝑟𝑒𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑠
𝑖=0 5. 14  

This equation assumes that the geothermal developer has no risk-aversion, while in 

reality developers would take into account not only the expectation for each decision but 

also the risk associated with each decision. Analysis of the use of utility functions in 

subsurface decision making has been explored by Güyagüler and Horne (2001) who 

examined the effect of risk aversion in an oil-production related case study. Similarly, we 

will also examine the most optimal decision taking into account different scenarios of risk-

aversion. We used the isoelastic utility function, one of the most commonly used utility 

function in economic literature, which is defined as follows: 

𝑈(𝑁𝑃𝑉) = {

𝑁𝑃𝑉1−𝜂

1 − 𝜂
    𝜂 ≥ 0, 𝜂 ≠ 1

ln(𝑁𝑃𝑉)    𝜂 = 1             

5. 15 



149 
 

where 𝜂 is the coefficient of elasticity of marginal utility. Studies based on insurance data 

have shown that 𝜂 typically takes a value of 1.5, and ranges between 1 and 3 (Groom and 

Maddison Pr, 2019). These levels of risk aversion can be seen in Figure 5.14. These plots 

can be understood by considering a lottery where there is a 50% probability of getting zero 

million dollars and a 50% probability of getting 36 million dollars. The expectation of such 

a wager is 18 million dollars. If a person were risk neutral (eta=0), then they would value 

this gamble at 18 million dollars. However, typical people have risk aversion. With a 

typical risk aversion level of 1.5, a person would prefer to get 13.4 million dollars with 

certainty rather than face the risk of not getting anything. This "certainty equivalence" 

value is shown by the dotted blue line and blue point and can be calculated graphically by 

drawing a straight line between the minimum and maximum wager utility values (shown 

by the dotted black line), finding the center point (shown by the black dot), and then 

extending a horizontal line from the black dot until reaching the utility function. Another 

way of understanding the utility plot is that with increasing risk aversion, higher sums of 

money provide less and less additional benefit. People place more value on ensuring 

minimum return levels on their investment than making very large returns on risky ventures.    

 

Figure 5.14: Utility vs. NPV for different risk aversion levels. 
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The utility of different choices will then be evaluated by taking the expectation of 

the utility of the different scenarios, as shown in the function below:   

𝐸(𝑈(𝑁𝑃𝑉𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥)) = ∑ 𝑃𝑖 ∙ 𝑈(𝑁𝑃𝑉𝑖𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥
)

𝑛𝑟𝑒𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑠

𝑖=0

5. 16 

This expression takes into account risk aversion by putting relatively more weight on lower 

values when calculating the expectation.  

We will also examine the annualized Return On Investment (ROI). NPV does not 

take into account the initial investment or the time period over which the investment is 

made. The ROI, on the other hand, provides a value that accounts for both the initial 

investment and the time, and allows for an easy comparison between investment options. 

The equations to calculate the annualized ROI are as follows: 

𝑅𝑂𝐼 =
𝑇𝑜𝑡𝑎𝑙 e𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 s𝑎𝑙𝑒𝑠 − 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑐𝑜𝑠𝑡𝑠

𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑐𝑜𝑠𝑡𝑠
 5. 17 

𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑧𝑒𝑑 𝑅𝑂𝐼 = [(1 + 𝑅𝑂𝐼)
1
𝑛 − 1] ∙ 100% 5. 18 

where 𝑛 is the number of years over which we are calculating the return.  

5.4 Results 

We have simulated the flow-rate and temperature produced by the wells at Patua for the 

four different decisions and the base case for 30 realizations of the subsurface for a period 

of 15 years, see Figure 5.15(a-b). We then used the temperature and flow rate to calculate 

the net plant power generation given the different development scenarios, as shown in 

Figure 5.15 (c). The mean values of production temperature, flow rate, and total plant 

energy generation in Figure 5.15 are shown by a bold line. The shaded areas around the 

mean highlight the values between the tenth and ninetieth percentile (p10 and p90) of the 

temperature, flow rate and power generation parameters over time. These shaded areas 

reflect the uncertainty of the forecasted values.  
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Figure 5.15: (a) The temperature, (b) flow rate, and (c) power plant energy generation over time given the 

choice of the different development decisions.  

The simulated net energy generation was used to calculate the NPV and annualized 

ROI of each decision for each realization. Figure 5.16 (a) and Figure 5.16 (b) show the 

distributions of NPV and ROI, respectively, divided into decision. Both of these plots show 

the mean value for each decision indicated with a small dotted vertical line. Summary 

metrics of the ROI and NPV distributions per decision are also shown in Table 5.5. The 

best decision in terms of mean expected NPV is the decision to stimulate well 16-29, which 

has a mean NPV of $26.6M, several million dollars more than the next best option of 

drilling a side track to well 14-28 at 270°. All decisions have substantial uncertainty, with 

standard deviations of around 5 million dollars.  

The best decision in terms of ROI is drilling a side track to well 14-28 at 270°, with 

a mean annualized ROI of 22.5%. The decision to drill a side track at 14-28 has a much 

lower initial investment cost than the decision to stimulate well 16-29 (and open well 24-

29). Therefore, even though the NPV is higher for the decision to stimulate well 16-29, the 

ROI on 14-28 is better.  

The best choice in this scenario depends on the goal of the geothermal developer. 

If the developer's goal is to maximize the absolute profit, then the best choice would be to 

stimulate well 16-29 since it has the highest NPV. Yet, if the goal is to limit investment 

while maximizing return on investment, then the best option is to choose the highest ROI. 

It is important to note that the ROI presented here is the rate of return on the 

incremental investment. The cost of the existing infrastructure of the power plant is 

considered a "sunk cost" and not factored into the NPV. For this reason, the ROI metrics 

are quite high. This metric reflects the alternatives that exist for the developer, which are 
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either "not investing" or "yes investing." Since there is no option of "returning" the extra 

capacity of the power plant or not operating it, the cost of the power plant and the cost of 

operating the power plant are not included in the NPV and ROI calculations.   

 

Figure 5.16: (a) Incremental NPV as a function of decision. Light dotted lines show the mean of each 

decision. (b) Distribution of annualized return on investment as a function of decision. 

Table 5.5: Summary metrics of NPV and ROI  

Decision 
NPV ROI 

p10 p50 p90 mean std p10 p50 p90 mean std 

Drill 14-28 @ 215° 16.0 23.4 26.0 22.3 4.4 19.5 22.4 23.2 21.9 1.7 

Drill 14-28 @ 270° 16.1 21.8 24.5 20.8 4.8 20.8 23.1 24.1 22.5 2.3 

Stimulate 16 29 22.5 28.6 30.64 26.6 6.1 17.1 18.8 19.3 18.1 2.2 

Stimulate 58 29 -2.1 -1.9 -1.8 -1.9 0.3 -14.3 -10.4 -7.6 -10.2 4.1 

 

These results can also be analyzed via a graph of the standard deviation versus the 

expected NPV (a mean-variance plot), shown in Figure 5.17. In this graph, the most 

optimal point is the top left corner, with a high expected NPV and a low standard deviation. 

This plot can be analyzed for dominance of difference decisions: a decision that has both 

lower uncertainty as well as higher expected utility. We see that the choice to drill a 

sidetrack to well 14-28 at 215 degrees has dominance over the decision to drill a side track 

to well 14-28 at 270 degrees and thus that is the best choice amongst the two. On the other 

hand, there is no dominance relationship between the choice to stimulate well 16-29 and 

the choice to drill a side track to well 14-28. The decision to drill well 16-29 has higher 
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expected utility, but also higher risk, and therefore the choice of the decision will depend 

on the risk aversion level of the geothermal developer.  

 

Figure 5.17: The expected NPV of each decision versus the standard deviation of the NPV for the decision. 

Utility lines assuming an eta of 1.5 and a Gaussian distribution are drawn in light gray over the plot.  

Considering risk aversion can help decide between different decisions with 

different levels of risk. Assuming a value of  of 1.5, NPV values can be translated into 

utility values, which takes risk into account. Figure 5.18 (a) shows the distribution of utility 

values for each decision. We can see that the decision to stimulate well 16-29 is still the 

best since it has the highest utility. This can also be seen by the gray lines in Figure 5.17, 

that trace the utility in the mean-variance space. For such a small range of standard 

deviation values, the utility is mostly controlled by the expected NPV, and therefore the 

best decision is still to stimulate well 16-29.   

We explored the effect of risk aversion levels on the expected utility for each 

decision. Figure 5.18 (b) shows the expected utility given different levels of risk aversion, 

where a value of  of 0 is risk-neutral, and the risk aversion increases with increasing 

values of . We see that as developers get more and more risk averse, the differences 

between the three top contending decisions shrink. At this point, the developer may choose 

to make the decision involving the least initial capital investment.  
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Figure 5.18: (a) The distribution of expected utility per decision. (b) The expected utility of each decision 

given different risk aversion levels.  

5.5 Conclusions and future work  

There is substantial uncertainty regarding fault locations and geometries in the subsurface. 

In this chapter, we evaluated four possible reservoir development choices at Patua 

Geothermal Field, and have shown that the most robust decision is to stimulate well 16-29 

and use it as an injection well, while opening nearby well 24-29 for production. We have 

calculated the distribution of net present value and return on investment for each decision, 

as well as taken into account risk aversion by using a utility function. These metrics provide 

a useful example of communicating the implications of geological uncertainty to decision 

makers, insurance companies, and investors.   

We have provided the necessary values for running flow simulations for Patua 

Geothermal Field, which may be useful for other geothermal sites in a similar setting. In 

addition, we have proposed a novel method to interpolate the temperature field using the 

structural geological model as well as a theoretical solution of heat diffusion. 

Future work can include performing a sensitivity analysis on the most important 

parameters, using stochastic non-uniform fault permeability properties, and performing 

flow simulations as part of the inversion prior to optimization work to reduce the 

uncertainty on the permeability values.    
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Chapter 6 

6 Discussion and future work 

In this thesis, we have presented a full workflow from quantifying geological uncertainty 

to using the resultant ensemble of geologic models to make reservoir development 

decisions.  

In reviewing past projects involving well stimulation (enhanced geothermal 

systems), we have shown that knowledge of fault locations is crucial for making reservoir 

development decision. Using a synthetic case, we have demonstrated that taking into 

account the uncertainty regarding geological factors can influence the decision-making 

process. 

While typical geostatistical inversion schemes are not designed for faulted 

geothermal environments, we have developed a stochastic inversion code that can find 

geologically realistic structural models given subsurface uncertainty. We then showed how 

to use this stochastic inversion to get an ensemble of posterior realizations, and use these 

realizations to inform the decision making process.  

The amount of additional research possible on this topic is bountiful. Here are some 

examples of future work: 

• Inversion of additional data types: including temperature, pressure, density, well 

production data, and well test data. 

• Creation of a synthetic case study to test different optimization algorithms with a 

known truth.  

• Improvement of the inversion algorithm: there is a lot of room for improvement in 

terms of the optimization algorithm. 

• Even more realistic geological models: currently faults placed in PyNoddy cross 

each other, while in nature, there is some possibility the smaller faults would 



156 
 

terminate against the larger faults. The ability to terminate a fault structure when it 

hits an older fault would be a great enhancement. This is not possible using 

PyNoddy without significant code change. 

• Prior falsification of multiple data sets: the current prior falsification can be 

improved by including more datasets beyond the gravity, magnetic, and granite top 

data.  

• More geothermal case studies can always improve the integration of new concepts 

into industrial practice.    
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