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Abstract

This thesis discusses the construction of numerical models to gain insight on En-

hanced Geothermal System (EGS) stimulation operations. These operations con-

sist of high pressure injection of cold water in low permeability formations at

depth of 2�4 kilometres, promoting the opening of existing fractures and creating

an arti�cial geothermal reservoir. Typically a large seismicity cloud is generated.

The physical mechanisms involved in permeability enhancement and seismicity

triggering are numerous, and their relative importance is not always agreed on,

which makes designing such operations challenging. The extent of the stimulated

volume, that underwent permeability enhancement is the principal metric of the

success of an EGS stimulation operation, and is not measurable, or estimated only

through the size of the seismically active volume.

We address those two issues using a novel modelling approach. While a simple

physics-based permeability model is explored, most of our e�orts are directed to

the development of an empirical permeability inversion method. We demonstrate

that seismicity density can be used as a proxy for pressure increase. The pressure

distribution itself is a function of the hydrological properties evolution, permeabil-

ity and porosity, with space and time in the course of the stimulation. We create

an inverse modelling approach in which permeability enhancement candidate sce-

narios are proposed until the modelled seismicity density distribution matches the

observations. These permeability scenarios have no physical motivation, and thus

do not embed any assumptions or bias on the physical mechanisms responsible

for stimulation. Stimulation parameters, injection rate and pressure, are also con-

sidered in the inversion. Special attention is given to the impact of parameter

and observation uncertainty, as well as structural error, on the robustness of our

conclusions.

We consider two Australian Enhanced Geothermal System projects, Habanero

and Paralana, where stimulations were conducted in 2003 and 2011, respectively.
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Large planar clouds of micro-seismicity were recorded in both cases, with 10,436

and 4,753 events recorded above magnitude of completeness for Habanero and

Paralana respectively. A one-dimensional radial geometry version of our inversion

method is applied to the Paralana dataset. The recovered permeability regime

implies that the bulk of permeability enhancement, up to 30× its initial values,

occurred within a 60 m radius of the wellbore and was not coincident with the bulk

of the seismicity, which extends more than 400 m away from the injection point.

Thus, permeability enhancement and induced seismicity are decoupled in this case,

contrary to the traditional assumption in EGS modelling. Hydroshearing seemed

to have not been responsible for much permeability increase. The two-dimensional

version of the inversion is applied to the Habanero dataset. The solution range is

less constrained than for the radial inversion, but still provides some insight on

the stimulation process. Large scale permeability enhancement (> ×10) is limited
to volumes in the vicinity of the wellbore, representing approximately 5 % of the

seismically active volume. This method, which already provides valuable insight

on stimulation success, could be improved and be of great help to the future of

EGS projects.
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Chapter 1

Introduction

1.1 Background

In this work, we use modelling to study hydraulic properties changes and induced

seismicity triggering in the context of Enhanced Geothermal Systems (EGS) stim-

ulations. Here we introduce those concepts and their importance. First we detail

what is an Enhanced Geothermal System and a stimulation (Section 1.1.1). Sec-

ond we de�ne the hydraulic properties permeability and porosity and what is

known about those in our context (Section 1.1.2). Finally we develop the induced

seismicity and explain why it is both a potential issue and a valuable source of

information for Enhanced Geothermal System projects.

1.1.1 Enhanced Geothermal Systems

An Enhanced Geothermal System (EGS) harvests energy from the Earth's crust by

circulating �uid through a volume of hot, fractured rock (Jeanloz and Stone, 2013).

The resulting temperature di�erence is converted to electricity, as for any ther-

mally driven power plant. In addition to the advantages of conventional geothermal

operations � minimal environmental impact and baseload generation capacity �

the opportunities for EGS are more widespread, as su�ciently high temperatures

are found everywhere providing wells can be drilled deep enough (Tester et al.,

2007). The target depths usually range between 2-4 km, depending on the local

geothermal gradient (Tester et al., 2007), much deeper than conventional geother-

mal depths (1-2 km). As in situ �uid, typically hot dense brine, is not enough

to power the system, supplementary injection is needed. To extract heat, �uid

circulates through a volume of hot rock, from one or more injection wells to one

19



20 Introduction

or more production wells, ideally accessing a large fracture surface area along the

way (Gringarten et al., 1975).

However, at the depths where temperatures are high enough for the project

to have economic value, permeability, the ability of �uid to �ow through rocks, is

usually relatively low (Majer et al., 2007). To enhance it, hydraulic stimulation is

undertaken, whereby cold �uid is injected at high pressure. This operation is the

reservoir creation, or engineering, and typically last hours to days. Note that in

this work we focus exclusively on the stimulation phase, and exclude the operation

phase, unfolding over a much longer time scale. According to the design, a link

must be established between production and injection wells. However, a direct

�uid pathway between those wells (for example a fault, natural or arti�cial), might

"short-circuit" the system: heat present around the fault is quickly recovered, and

thermal breakthrough occurs after a short time of exploitation, leading to a quickly

diminishing power output. Thermal breakthrough occurred at the Hijiori Hot Dry

Rock project less than 18 month after the start of a circulation test (Tenma et al.,

2008). Another way to measure the success of a stimulation is by quantifying the

reservoir volume: the thermal energy available is proportional to the hot mass in

which the injected �uid circulates. If we consider that initial permeability is very

low, this volume is the stimulated volume. Successfully engineering an optimally

connected reservoir is the critical operation leading to the success or failure of an

EGS project. Unfortunately, the stimulated reservoir cannot be observed directly,

which creates the biggest gap in EGS technical knowledge (Majer et al., 2007).

An extensive list of EGS sites worldwide has been gathered by Zang et al.

(2014), compiling stress regimes and injection parameters such as maximum well-

head pressure or total volume injected. Among the most noteworthy projects are

Basel, Switzerland; Desert Peak, Nevada, USA; Fenton Hill, New Mexico, USA;

and Soultz-sous-Forêts, France. The German Continental Deep Drilling Program

(KTB), in Germany, in not an EGS project, but saw a �uid injection-induced seis-

micity experiment at 9.1 km depth (Zoback and Harjes, 1997), making it relevant

to our context. In this study we use datasets from two Australian EGS stim-

ulation operations. EGS exploration activities in Australia commenced in 2000,

all within the state of South Australia (Bendall et al., 2014). As Australia does

not possess any conventional resource, EGS is its only geothermal development

opportunity. While three projects exist, Habanero, Paralana, and Olympic Dam,

Olympic Dam wells have never been stimulated contrary to the two others. Our
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two datasets come from Habanero and Paralana stimulations, their details can be

found in Chapter 2.

1.1.2 Hydraulic Properties

At depths relevant to EGS operations, formations, often crystalline basement, con-

sist of a relatively impermeable matrix crisscrossed by numerous faults, open or

closed (Majer et al., 2007). Thus two types of permeability exist: primary perme-

ability, which represents �uid �ow through the fracture network, and secondary

permeability, which refers to the �uid �ow through the matrix pore system.

The evolution of �uid pressure in a porous medium is governed by conservation

of mass and Darcy's law,

∂

∂t
(φρ) +∇ · q +Q = 0, q = −κ

µ
(∇P − ρgẑ) , (1.1)

where q is the mass �ux vector, Q is a mass source term, φ and κ are rock porosity

and permeability, µ is the �uid dynamic viscosity, g is the acceleration due to

gravity, P is the �uid pressure, and ẑ is a unit vector in the vertical direction.

The two parameters permeability, κ, and porosity, φ, are characteristics of the

medium, and control �uid transport in the formation.

In an EGS context, because of the geological setting, �uid �ow is dominated

by primary permeability. If we assume that secondary permeability is negligible,

then permeability in the fault's direction, κ, can be described as a function of the

fault aperture, a, using the cubic law (Landau and Lifshitz , 1987)

κ = ca
a3

12L
(1.2)

where ca is a roughness coe�cient, and assuming faults are regularly spaced by

distance L. Similarly, porosity only consists of the fracture volume, which is a
L . The

fracture network can then be conceptualized as a porous medium, with fracture

conductivity averaged over volumes to create an e�ective permeability distribu-

tion. Permeability as conceptualized is unlikely to be isotropic as it is heavily

dependent on average fracture orientation as well as their connections.

Similarly to permeability, porosity re�ects the sum of pore volume (probably

negligible) and fracture volume in this approach.
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Estimating hydraulic properties distribution, permeability and porosity, is crit-

ical, as they e�ectively parameterize the engineered geothermal reservoir extent.

Hydraulic properties can be very heterogeneous and vary with time as a conse-

quence of stimulation. However, it is impossible to measure them directly. The

closest element we have to direct measurement is core samples, expensive, seldom

available, and maybe not re�ective of the overall formation parameters. Moreover,

core sample do not inform on future permeability changes.

A useful source of information is the set of injection parameters. With injection

mass rate and injection pressure temporal pro�les, we can constrain permeability

and porosity values around the wellbore. Well injectivity, II, the ratio of injection

rate, q, to wellhead pressure, Pw (Grant , 1982)

II =
q

Pw
, (1.3)

is one measure of the success of a stimulation. Permeability enhancement is of-

ten re�ected by an increase of the injectivity, although this does not constrain

the spatial extent of permeability changes, and hence the size of the stimulated

reservoir. Other factors also impact injectivity, including viscosity changes with

temperature (McLean and Zarrouk , 2015) and local pressure increase around the

well, which further confounds interpretations. The analytical solution of pressure

di�usion in a porous medium is known, the Theis solution, but it is not adapted

to our context as it requires constant permeability in both time and space.

1.1.3 Induced Seismicity

Induced seismicity is the triggering of earthquakes through human activities, in

contrast to natural seismicity. It is nearly always induced during an EGS stimula-

tion (Zang et al., 2014). Most events are of a magnitude too low to be felt on the

surface, we call them micro-earthquakes (MEQs). A MEQs catalogue consists of a

list of events containing a position (the hypocentre), with a location uncertainty,

a time, and a magnitude. For large events, the moment tensor can be obtained

and give insight on the earthquake mechanism.

Inherently seismicity is a random process, it has been shown to be Poissonian

in nature for both natural seismicity (Ogata, 1998) and induced seismicity (Lan-

genbruch et al., 2011). With a Poisson distribution, events occur with a constant

rate and independently of the time since the last event. Its spatial distribution
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most often underlines a planar structure (Evans et al., 2012). The interpretation

of this structure di�ers, and can be viewed as a consequence of natural structures

such as faults, as by Baisch et al. (2006) in the Habanero project and Dorbath

et al. (2009) in the Soultz-sous-Forêts EGS, or stress orientation as by Norbeck

et al. (2016) at the Fenton Hill site. As stimulation occurs, seismicity migrates

away from the wellbore (Evans et al., 2005). Each event releases a certain amount

of energy, its seismic moment, that can be converted into a magnitude. Moment is

proportional to the rock shear modulus, the fracture area, and the displacement

(Aki , 1966). A catalogue has a magnitude of completeness, Mc, above which it is

considered complete: all the events with a larger magnitude than Mc have been

recorded (Wiemer and Wyss, 2002). The magnitude distribution follows the em-

pirically established Gutenberg-Richter (GR) law (Gutenberg and Richter , 1944).

The GR law relates the average number of events occurring to their magnitude,

according to a power law:

N(M > M0) = a10−b(M−M0) (1.4)

where N is the number of events of magnitude equal or higher than M , M0 is

a reference magnitude, a a scaling coe�cient and b the coe�cient controlling the

slope of the distribution, called the b-value (Figure 1.1). Thus the b-value describes

the share of large magnitude events in a catalogue. A catalogue also has an event

of maximum magnitude, Mmax.

The study of induced seismicity in an EGS context is important for two rea-

sons. First, it represents a potential danger to be considered. Indeed, even if the

large majority of events are too weak to be felt at the surface, induced events

of a relatively large magnitude have been recorded, like in Berlin, El Salvador

(Mmax=4.4) (Zang et al., 2014). The recent 2017 Mw=5.5 Pohang earthquake is

likely to have been triggered by a nearby EGS stimulation (Grigoli et al., 2018;

Kim et al., 2018). Those rare events represent a risk for infrastructure, but even

weak felt events may have a severe impact on public acceptance (Kraft et al.,

2009). Felt seismic events induced by the Basel EGS 2006 stimulation led to its

suspension (Häring et al., 2008). Existing risk management systems are often re-

active rather than preventative, in the sense that injection is stopped only after

a certain threshold magnitude has been passed. However, often the largest events

are recorded after the stimulation has been stopped (Zang et al., 2014).

This motivates more investigation and discussion into the mechanisms and pa-

rameters controlling the onset of induced seismicity. For example, McGarr (2014)
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Figure 1.1: Magnitude distribution for the Habanero stimulation seismicity cloud
illustrating the Gutenberg-Richter law.

claims after comparison of MEQs catalogues induced by �uid injection (not re-

stricted to EGS) that Mmax has an upper bound proportional to the total volume

injected. In that case, Mmax would be a physically meaningful parameter, as its

value depends on stimulation conditions and represents the largest earthquake

physically possible. Galis et al. (2017) develop a relation between largest mag-

nitude of self-arrested earthquakes and injected volume, segregating them from

run-away vents, which magnitude is then independent of injection parameters. If

such events occur, Mmax loses its informative value. On the other hand, Evans

et al. (2012) a�rms that EGS datasets available do not support any similar cor-

relation, in which case Mmax is only an unavoidable artefact of a �nite catalogue.

Van der Elst et al. (2016) also argues that magnitude in injection-induced seis-

micity sequences is controlled by tectonics, and thus that Mmax values recorded

are not the maximum possible earthquake.

The second reason that makes the study of induced seismicity important in

an EGS context is the potential information it gives on the stimulation operation.

As stated in Section 1.1.2, it is quite challenging to directly measure hydraulic

properties away from the well, even less their evolution, though the development

of the reservoir is the most critical aspect of an EGS project. Induced seismicity
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represents information coming directly from the reservoir that awaits interpreta-

tion.

For comparison, links between earthquakes and hydrological changes have been

extensively documented in natural settings. For example, Miller et al. (2004) in-

vestigated an aftershock sequence in Italy and interpreted it as the result of a

coseismic �uid pressure pulse; and Muir-Wood and King (1993) described how the

style of faulting of large natural earthquakes causes changes in crustal porosity.

Earthquakes are also known to be linked to �uid �ow in volcanic settings. For

instance, Ventura and Vilardo (1999) used seismicity to estimate hydraulic pa-

rameters at Vesuvius volcano. Seismicity has also been used to understand �uid

�ow in natural geothermal systems, such as changes of the two-phase pore pressure

at Long Valley hydrothermal system (Sturtevant et al., 1996).

Thus, the induced seismicity cloud, its spatio-temporal distribution and mag-

nitude distribution are potentially valuable information on a stimulation operation

and its mechanics that must be deciphered. In order to do this, an understanding

of the physical processes underlying both phenomena � induced seismicity and

hydraulic properties evolution � is necessary.

1.2 Physical Mechanisms

In this section we list physical mechanisms responsible for hydraulic properties

changes and induced seismicity triggering during an EGS stimulation. In a frac-

ture network, permeability enhancement is the consequence of an increase in frac-

tures apertures or fracture creation through tensile failure. To understand fracture

mechanisms, it is necessary to de�ne the stress tensor in an elastic medium, σ.

Rock mechanics theory developed in this section can be found in more details in

Jaeger et al. (2009). The stress tensor can be decomposed in its initial form, the

tectonic stress, σ0, and the variations caused by changes in pressure, temperature,

and strain, ∆σ:

σ = ∆σ + σ0 (1.5)

The tectonic stress tensor is described by its three principal components, or Eigen-

values, in a coordinate system where shear stresses are null. These components
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are σ1, σ2, σ3, with σ1 ≥ σ2 ≥ σ3.

σ0 =

σ1 0 0

0 σ2 0

0 0 σ3

 (1.6)

Most often one principal stress is aligned with the vertical direction. The three

principal stresses can be renamed as σv, the vertical principal stress, σH , the

maximum horizontal principal stress, and σh, the minimum principal stress. De-

pending on the strength of the principal stresses, three stress regimes exist: normal

(σv ≥ σH ≥ σh), strike-slip (σH ≥ σv ≥ σh), and reverse (σH ≥ σh ≥ σv). Typical
values for principal stresses depend on depth and local conditions, but for the

datasets considered in this study, at reservoir depth, values range from 80 MPa to

155 MPa (see Chapter 2).

The stress tensor depends on matrix pressure, Pm, and matrix temperature,

Tm, as well as the strain tensor, ε (Cheng , 1997):

∆σ = λtr(ε)I + 2Gε+ (β∆Pm + αE∆Tm)I (1.7)

where λ, G, E, α and β are Lame's parameter, shear modulus, Young's modulus,

the coe�cient of the thermal expansion and the Biot coe�cient, and tr() and I are

the trace operator and the identity matrix. The equilibration times between �uid

and matrix pressure, P and Pm respectively, and �uid and matrix temperature,

T and Tm respectively, depend on the matrix properties, such as its permeability,

thermal conductivity, density, thermal capacity, but also on the density of the

fracture network.

Consider a fault plane embedded in an elastic medium. To simplify and present

the di�erent concept of failures, we take the case of a planar fault which normal is

within the plane of two principal stresses, chosen to be σ1 and σ3, and its normal

makes an angle ζ with the minimum principal stress, σ3. Resolved upon the fault's

surface is a normal stress σn, and a shear stress τ , which expression are as follow

(Jaeger et al., 2009):

σn =
σ1 + σ3

2
+
σ1 − σ3

2
cos(2ζ)

τ =
σ1 − σ3

2
sin(2ζ)

(1.8)

If we consider an angle ζ + Π, the fault con�guration relative to the stresses is

the same, but the shear stress takes the opposite value −τ . Therefore we are only
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interested in its absolute value, |τ |. Fluid pressure, P , must also be considered to

solve the forces acting on the fracture. It applies a force opposite to the normal

stress, σn. The resulting stress is called the e�ective stress, expressed as σe = σn−
P . During a stimulation, �uid pressure changes with time, we have P = P0+∆P (t),

with P0 the initial pressure and ∆P (t) its change, depending on time, t.

Increase in fracture aperture and thus permeability can be caused by either

tensile opening or shear failure (see Figure 1.2). Tensile failure and shear failure

are also called Mode I failure and Mode II failure, respectively. The increased

aperture caused by shear failure is due to self-propping: post-slip mismatch be-

tween the rough fracture surfaces keeps them apart (see Figure 1.2b). This has

been observed experimentally by Chen et al. (2000). It implies that shear failure

induced permeability enhancement is by essence an irreversible process, whereas

tensile failure induced aperture rise can be reversed if the conditions that caused it

do not exist anymore (and no injected proppant keeps the fracture open). Fracture

opening increases permeability, but also porosity, as fracture volumes is the main

component of averaged porosity in deep formations.

Induced seismicity is generally caused by slip on pre-existing fractures, as ten-

sile opening is largely aseismic (Warpinski et al., 2012). However, shear failure is

not always accompanied by seismicity, in a process called aseismic slip. For in-

stance, Bourouis and Bernard (2007) analysed the MEQ catalogue of the 1993

Soultz-sous-Forêts stimulation and concluded that aseismic slip induced during

this operation resulted in substantial permeability enhancement. More recently,

Guglielmi et al. (2015) described an experiment in which aseismic slip was observed

as a direct consequence of �uid injection, and was associated with permeability

increase.

Tensile failure/opening will occur when the condition

σe ≤ 0 (1.9)

is satis�ed. Stress regimes determine the orientation of fractures entering tensile

failure/opening or shear failure �rst. The fractures perpendicular to the minimum

principal stress, σ3, will be the �rst a�ected by tensile opening, but as pressure

augments or normal stress lowers, it can occur in other directions as well. Ten-

sile failure, assuming a homogeneous medium, will also occur perpendicularly to

the minimum principal stress, and the resulting permeability generation generally

creates an upper limit in pressure, preventing signi�cant development of tensile
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Figure 1.2: Illustration of (a) tensile opening (Mode I) (b) shear failure (mode II).

failures in other directions. Any permeability development as a consequence of

tensile failures is thus likely to be highly anisotropic.

Commonly, shear failure is modelled with the Mohr Coulomb criterion. Reusing

notations de�ned in the previous subsection, we describe it here by de�ning a

physical quantity "excess shear stress", τex, expressed as:

τex = |τ | − fsσe − S0 (1.10)

where fs is the coe�cient of friction on the fracture plane, and S0 is the cohesion.

The expression σf = fsσe + S0 is the fracture strength, which maintains the

fracture in place, while |τ | is the shear stress pushing the fracture to enter shear

failure (Figure 1.3a). The Mohr Coulomb criterion is satis�ed and shear failure

occurs when the condition

τex ≥ 0 (1.11)

is satis�ed. In principle, once failure happens, shear stress is reduced and excess

shear stress is again negative (Figure 1.3b). It is a convenient quantity to compute

in an elastic simulator that does not explicitly capture fracture slip, as used later

in Chapter 3.
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Figure 1.3: (a) Evolution of absolute fracture shear stress, |τ |, and fracture
strength, σf , as a function of pressure change, ∆P , with multiple shear failures
occurring and assuming a constant shear stress drop. (b) Evolution of excess shear
stress, τex, as de�ned in Equation (1.10), as function of pressure change.

The normal and shear stress values depend on the orientation of the fracture

relative to the principal stresses, as expressed in Equation (1.8) for a simple two-

dimensional case. This relationship can be illustrated by a circle, called the Mohr

circle (see Figure 1.4). In this [σn, |τ |] space, the Mohr-Coulomb criterion is rep-

resented as a line, above which failure occurs. When the circle crosses the line,

shear failure occurs. There is thus an orientation for which the excess shear stress

is maximized, ζmax = π
2 + arctan(fs). This maximum excess shear stress, τex,max

is then (Jaeger et al., 2009)

τex,max =
1

2
(σ1 − σ3)(f2s + 1)

1
2 − 1

2
fs(σ1 + σ3 − P0 −∆P )− S0 (1.12)

Results would be similar in planes containing the medium principal stress, σ2, but

it is the plane with the highest di�erential stress, σd = σ1 − σ3, that contains the
normals of the fault the closest to enter shear failure, as can be seen from Equation

(1.12). This implies that permeability development caused by shear failure would

be anisotropic. When the faults in the crust are in a state of failure equilibrium,
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Figure 1.4: Mohr circle evolution for shear failure induced by (a) hydroshearing
(b) poroelasticity.

or τex = 0 (See Equation (1.10)), it is said to be critically stressed (Townend and

Zoback , 2000). Graphically the Mohr circle is in contact with the Mohr-Coulomb

limit (See Figure 1.4).

Depending on the changes in pore pressure, strain, temperature, and matrix

pressure, conditions expressed in Equations (1.9) and (1.11) can be satis�ed, and a

fracture can enter tensile opening or shear failure, respectively. Those changes thus

have the potential to trigger induced seismicity, and/or to increase porosity and

permeability. Di�erent changes in local parameters and material properties can

cause one or both those failure modes. We list them in the following subsections.

1.2.1 Hydroshearing

From Equation (1.10), for a change in fault pressure, ∆P , large enough, shear

failure of pre-existing fractures is triggered (Pearson, 1981). The critical value of

pressure change, ∆Pcrit, for which the excess shear stress, τex is 0, is

∆Pcrit =
|τ | − S0
fs

+ σn − P0. (1.13)
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The existence of the critical pressure change is observed experimentally by Hsieh

and Bredehoeft (1981) in fractured Precambrian crystalline bedrock near Denver. If

the crust is critically stressed, ∆Pcrit gets close to 0. Graphically, pressure increase

pushes the Mohr circle to the left, where it intersects the Mohr Coulomb failure

envelope (See Figure 1.4a). The �rst fractures to fail will be those orientated at

an angle ζmax to the maximum principal stress, with their normals in the σ1, σ3

plane, but as pressure increases, a larger range of orientations will allow shear

failure. For pressure increases larger than ∆Pcrit a fracture can repeatedly re-

shear. Each time the fracture shears, shear stress drops by ∆τ and therefore an

additional ∆P = 1
fs

(∆τ) of �uid pressure increase is required before the next

slip occurs (Figure 1.3). Thus, if fracture �uid pressure at one point decreases, it

will need to increase back to its previously attained maximum value in order to

trigger new shear failures, a feature called the Kaiser e�ect (Baisch et al., 2006).

The occurrence and magnitude of hydroshearing is a function of pressure di�usion

within the fracture network and remote stress changes due to thermoporoelasticity,

detailed later.

Successful enhancement of permeability caused by hydroshearing has been

demonstrated experimentally (Lee and Cho, 2002), and observed in EGS stimula-

tions, such as in Soultz-sous-Forêts (Evans et al., 2005). The e�ciency of hydros-

hearing will depend on in situ parameters, such as the orientation of existing faults

or stress regime, as suggested by McClure and Horne (2014). Pure hydroshearing

stimulation is the classic assumption in EGS (Zhang et al., 2013), as in Desert

Peak (Chabora et al., 2012). It is then often considered that the earthquakes are

triggered only by, and therefore re�ect, an increase of the pore pressure (Hubbert

and Rubey , 1959). Thus, it is a widely-held view that the "stimulated reservoir

volume" corresponds with the cloud of induced microseismicity (Weidler et al.,

2002; Baisch et al., 2004; Evans et al., 2005; Baisch et al., 2006; Majer et al.,

2007; Häring et al., 2008; Rothert and Baisch, 2011; Bendall et al., 2014; Llanos

et al., 2015).

1.2.2 Hydraulic Fracturing

When pore pressure is higher than the minimum principal stress, a tensile fracture

can be created and propagated (Hubbert and Willis, 1959), or existing fractures

can see their aperture increased, as seen in Equation (1.9). Pressure changes neces-

sary to overcome the minimum principal stress are usually higher than ∆Pcrit, so it
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is possible to prevent hydraulic fracturing occurrence and still obtain hydroshear-

ing by ensuring that bottomhole injection pressure remains below the minimum

principal stress.

For EGS stimulation, hydraulic fracturing is generally avoided, because creat-

ing fractures perpendicularly to the minimum principal stress may link injecting

and producing wells too directly and "short-circuit" the reservoir. In Zang et al.

(2014), tensile failure is seen as the dominant mechanism in sedimentary forma-

tions, while shear failure dominates in crystalline basement. However, McClure

and Horne (2014) reviewed ten EGS stimulations and found that as bottomhole

pressure exceeds minimum principal stress, propagation of new fractures through

tensile opening occurs, associated with shear failure of existing fractures, a pro-

cess called "mixed mechanism". According to simulations conducted by the same

authors, the occurrence of shear failure only development or mixed mechanism

development depends on in situ parameters, such as the presence of pre-existing

thick faults.

1.2.3 Poroelasticity

As seen in Equation (1.7), the stress tensor, σ, is also a function of strain, ε.

Through stress propagation, poroelastic changes in solid stress caused by matrix

pressure, Pm variations can trigger shear failure in fractures not necessarily con-

nected to the perturbed reservoir (Segall , 1989). Depending on the orientation of

the stress �eld and the relative location of the pressure cloud, σ1 and σ3 will be

increased or decreased. This leads to the modi�cation of the di�erential stress σd.

An increase in di�erential stress leads to an increase in excess shear stress, τex,

which can trigger shear failure. Graphically, the e�ect is to expand the Mohr circle

(Figure 1.4b). Hence shear failure is not restricted to regions of pressure change,

but can extend further away. Similarly poroelastic stresses may inhibit shear slip

if the di�erential stress, σd, is reduced. Consequently, it has been shown by Segall

and Lu (2015) that after an abrupt stop of injection, poroelastic stresses drop and

induced seismicity rate can locally increase, accounting for the observed jump in

post-shut-in seismic activity.

1.2.4 Aftershocks

Strain propagation can be caused not only by poroelastic e�ects, but also by

past shear failures, in a process called aftershocks. These dynamically triggered
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earthquakes can themselves propagate a new strain di�erential, creating other af-

tershocks, in a cascading process (Toda et al., 1998). Aftershocks are di�cult to

model directly as their occurrence depends mostly on the fracture network prop-

erties and MEQs distribution instead of physical quantity such as �uid pressure

or matrix temperature, but their distribution have been observed to follow certain

patterns. As well as the Gutenberg Richter distribution, they follow the Omori

law (Omori , 1894; Utsu and Ogata, 1995), which controls the delay between an

earthquake and its aftershock. More details about aftershock series features are

given in Section 3.1.4.2. If induced seismicity is to be used with the aim of gaining

insight on underlying physics, it may be necessary to implement a declustering

algorithm to remove aftershocks from the catalogue (Schoenball et al., 2015). But

the occurrence of aftershocks sequences in EGS stimulation is disputed. Langen-

bruch et al. (2011) found the coupling e�ect between MEQs was very weak for six

catalogues in the EGS sites of Soultz-sous-Forêts and Basel, which implies that

aftershocks do not "pollute" an EGS induced seismicity catalogue. On the other

hand, Brown and Ge (2018) demonstrates through modelling that stress changes

causes by hundreds of small induced events increase the seismicity rate locally.

1.2.5 Thermal E�ects

Injecting cold water reduces matrix temperature, Tm, causing the rocks to con-

tract, which reduces the normal stress on existing fractures, σn, as seen in Equa-

tion (1.7). This change in normal stress can promote both shear failure and tensile

opening. Stress changes translate into strain, which propagates stress changes fur-

ther away than the volume going through cooling, creating a thermoelastic e�ect,

the equivalent of the poroelastic e�ect for changes in matrix pressure Pm. Because

of the geometry of fracture networks, cold �uid can sometimes propagate a long

way from the injection point while the thermal front in the matrix may remain

close to the well (matrix heat conduction is much slower than �uid advection

(Elsworth, 1989)). Thermal e�ects tend to be much slower to manifest than pres-

sure e�ects, and may not have any impact on the course of an EGS stimulation

given its typically short duration. If it occurs, the extent of this mechanism will

be limited to volumes close to the wellbore. Nonetheless, this e�ect is thought

to be signi�cant by some authors: Dempsey et al. (2015) from their modelling of

the Desert Peak EGS stimulation, Norbeck et al. (2016), modelling Fenton Hill

stimulation, Rutqvist et al. (2010), modelling the Geysers EGS project and argu-

ing that shrinkage of the rock caused by cooling is the most important cause for
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shear reactivation, and Rinaldi et al. (2015), whose modelling e�ort was aimed at

analysis of mechanisms at play in a typical stimulation operation.

1.2.6 Leak-o�

Fluid penetrates matrix (secondary) permeability more slowly than the main frac-

ture zone, controlled by primary permeability, but eventually increases matrix

pressure, Pm. This pressure di�usion can potentially increase the pressure, P , of

disconnected fractures (Bunger et al., 2005). Permeability enhancement is possi-

ble if splay fractures develop and connect the sheared fracture to the pressurized

fracture network. Matrix pressurization will inhibit fracture shearing or opening

as it increases normal stress, σn. Leak-o� can sometimes be modelled as a one-

dimensional di�usion process (e.g., Carter's Law (Adachi et al., 2007)) that de-

pends on time. As matrix pressure di�usion is much slower than fracture network

di�usion, leak-o� can only be expected to occur in volumes relatively close to the

wellbore.

1.2.7 Acidization

When acid is injected it can dissolve minerals within fractures, thereby widening

apertures in the near-wellbore region. Acidization has previously been successful

in an EGS context, for example in Soultz-sous-Forêts (Portier et al., 2009). While

it seems possible for acidization to alter the coe�cient of friction, fs, and reduce

resistance to shear failure, we are not aware of a study linking acidization to

fracture shearing in such a way. A chemical front does not propagate as fast as a

pressure front, thus the acidization impact extent will be smaller than the pressure

plume.

1.2.8 Summary

The di�erent mechanisms presented are illustrated in Figure 1.5 with a conceptual

representation of their extent relatively to the wellbore position. Di�erent concep-

tual models of stimulation exist, depending on which mechanism/combination of

mechanisms is thought to be the main driver of permeability enhancement and/or

induced seismicity triggering. Permeability enhancement and induced seismicity

are coupled in only certain cases: if tensile failure, fracture opening, and aseismic

slip do not occur. The occurrence of one does not imply occurrence of the other.
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Thus, microseismicity is a biased representation of the overall stimulation process

taking place.

1.3 Modelling Hydraulic Properties in Relation to

Induced Seismcity

Here, we explain how models can help to improve our understanding of physical

processes described, and the caveats attached to their use. In the following two

sections we present existing physics-based modelling approach considering both

hydraulic properties changes and induced seismicity triggering in an EGS stimu-

lation context.

1.3.1 Why Do We Use Models?

Mathematical models are used to describe the real-world. A parameter set con-

trols the model behaviour. These parameters can be modi�ed to match a dataset,

and thus calibrate the model. Calibration can be manual or automated using a

calibration algorithm, but generally it requires a large number of forward runs.

By running and/or calibrating a model, we hope to increase our knowledge, and

answer questions such as:

• Obtain estimates of real-life parameters values. How large is the created

reservoir? What is the magnitude of permeability enhancement? How seis-

mogenic is the formation?

• Acquire a better understanding of the interplay of physical processes. In

which proportion each mechanism is responsible for seismicity triggering?

For permeability enhancement? How correlated are hydraulic properties vari-

ations and seismicity? What is the impact of injection parameters on induced

seismicity? Which formation properties promote optimal reservoir develop-

ment?

• Establish forecasts. How much seismicity will be generated in the next year?

How much permeability development will be generated during the next stim-

ulation?

Before building and calibrating a model, we should make clear what question we

are trying to answer.
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A calibrated model is an inherently �awed representation of real-life processes,

but its ability to solve our problem depends on how �awed it is. Three types of

errors can alter our con�dence in the model's answer:

• Structural error: The model concept necessarily includes simplifying assump-

tions which lead to an incorrect representation of the actual processes. The

amount of simpli�cation is a trade-o� between level of detail and feasibility

(CPU time). It is impossible to estimate how incorrect the model is, as we do

not possess perfect knowledge of the real life processes. A successful calibra-

tion does not prove that the model is predictive or accurately captures the

physics of real-life behaviour. This is the problem of equi�nality: it is pos-

sible to match observations with a model with wrong physics implemented.

Only the modeller insight can help to dismiss incorrect models that do not

carry any value.

• Observation uncertainty: it stems from uncertainty in observation collection.

Ideally model calibration should include this uncertainty in the presented

answer.

• Parameter uncertainty: multiple parameter combinations may be consistent

with sparse observations, the solution is not unique. This is again a conse-

quence of equi�nality, or non-uniqueness. It is preferable to use all �tting

parameter combinations to draw conclusions rather than produces the best

�t to the data.

While accounting for structural error is challenging, the second and third can be

addressed by appropriate calibration methods. To test the ability of the calibra-

tion process, or the robustness of the model towards the three types of error, a

synthetic model may be employed: the "real" parameter set is then known, and

we try to recover it through observation generated from this real parameter set,

possibly with a model presenting a di�erent structure, and/or including errors in

observations. This does not guarantee the adequacy of the model concept and the

chosen calibration method to answer the proposed question, as we cannot be sure

to propose a synthetic model that enlightens the pitfalls of the design chosen, but

at least it is possible to study the impact of some hypotheses made.
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1.3.2 Physics-based Permeability Enhancement Models

Here we consider modelling approaches that explicitly simulate physical mecha-

nisms from which originate both permeability enhancement and induced seismicity

triggering. Those mechanisms are controlled by a parameter set, which is in most

cases calibrated with an existing EGS stimulation dataset. They are determinis-

tic in nature, based on a coupling of �ow and geo-mechanics, but often include

a stochastic element to account for formation properties heterogeneities or MEQ

inherent randomness. They can be divided in two categories: models simulating

�uid injection through a Discrete Fracture Network (DFN), and models averaging

the fracture network properties into a porous medium equivalent, called E�ective

Continuum Models (ECM). DFN models are computationally more intensive, but

can replicate more accurately physical mechanisms.

In Baujard and Bruel (2006) 3D DFN model, the only mechanism considered is

hydroshearing. Through simulation they aim to evaluate the impact of di�erences

in �uid density on the extension and shape of stimulated areas. It is calibrated

with a Soultz-sous-Forêts dataset. Kohl and Mégel (2007) use a 3D DFN to match

the same dataset in order to predict future seismicity patterns. On top of hy-

droshearing, poroelastic e�ects and hydrofracking are considered. McClure and

Horne (2014) conceptualize a 2D DFN with the same mechanisms included and

compare its forward runs with 10 EGS stimulations datasets. By doing so they

conclude that stimulation is a result of a mix of shear failure and tensile fracture

creation. Norbeck et al. (2016) build on McClure DFN model to include thermoe-

lastic e�ect. Its calibration to the Fenton Hill stimulation dataset indicates that

shear stimulation did not contribute to enhanced permeability, while poroelastic

e�ects and thermal e�ects signi�cantly impacted on seismic cloud propagation.

Yoon et al. (2014) present a 2D Particle �ow code in which fractures are gener-

ated. Hydroshearing, tensile opening and aftershocks are actively modelled. The

simulation output is compared, but not calibrated, to Soultz-sous-Forêts stimula-

tions features. They conclude that injection strategies such as cycling (a series of

reduction and increase of the stimulation injection rate) reduce the likelihood of

triggering large events.

Fractures are either prescribed based on observations (Baujard and Bruel ,

2006), stochastically generated (McClure and Horne, 2014), or created using a

combination of those two processes (Kohl and Mégel , 2007). DFN framework is

able to actively calculate aperture changes as a function of stress, pressure, and/or
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temperature. Permeability is then a function of this aperture, using the cubic

law (see Equation (1.2)). Some of the models presented here have the ability to

generate new faults caused by tensile opening (McClure and Horne, 2014; Norbeck

et al., 2016; Yoon et al., 2014).

If ECM cannot model such detailed failure mechanisms, they present other

advantages, such as a much shorter computation time. This makes sensitivity

studies easier, and allows the modeller to test the impact of injection strategies and

in situ parameters on the stimulation process. They generally use a 2D geometry,

based on the observed planar shape of seismicity clouds (See 1.1.1).

For instance, Baisch et al. (2010) model concurrent permeability enhance-

ment with the slip of individual fault patches and apply this model to recover

the hydraulic behaviour and temporal evolution of seismicity in the Soultz-sous-

Forêts EGS. Stress changes caused by shear failures are transferred to neighbouring

blocks, simulating aftershocks. Wassing et al. (2014) present an approach similar

to the one adopted by Baisch et al. (2010), but also consider tensile opening of

fractures and a variable porosity. After calibration on Soultz-sous-Forêts GPK3

stimulation dataset, they conclude that their simulation can be used for sensitivity

analysis. Gischig and Wiemer (2013) present a model where only hydroshearing

is considered, introducing a stimulation factor that evolves with pressure but sub-

ject to several threshold criteria. They apply this model to the 2006 Basel EGS

stimulation, obtaining a good match with the data and then exploring several

alternative injection scenarios. A resulting observation is that short injections at

high pressure may be an advantage as more weak events relative to strong events

are induced. Gischig et al. (2014) iterate on this work in order to evaluate seis-

mic hazard in relation to permeability increase and size of the reservoir. They �nd

that large magnitude events are the most e�cient reservoir stimulators. Two ECM

consider the question of EGS stimulation, without including the induced seismic-

ity aspect: Dempsey et al. (2015) and Rinaldi et al. (2015). Their particularity

compared to the studies previously mentioned is that they include thermoelastic

e�ects on their permeability enhancement concept. Both concluded that matrix

cooling has a strong impact on near wellbore di�usivity.

1.3.3 Empirical Permeability Enhancement Models

Another approach to modelling stimulations is to retrieve the permeability distri-

bution from the available data instead of assuming the mechanisms responsible
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for it. To achieve this, candidate permeability distributions are used to simulate

pressure propagation and resulting seismicity until a match with the dataset is

achieved. Therefore, those permeability models are empirical, as the produced

space-time evolution of permeability has no underlying physical motivation. The

advantage of an empirical model is that it is not burdened by the computational

expense of modelling the underlying physics, e.g., fracturing. It also spares the

kind of model error that arises when the wrong set of physics is assumed. If the

permeability enhancement distribution is recovered, then, based on knowledge of

physical mechanisms presented in Section 1.2, it is possible to gain insight on its

origins.

This method relies on using seismicity as a proxy for pressure increase, a

common assumption as discussed in Section 1.2.1. Induced seismicity by poroe-

lastic e�ects, aftershocks, thermal e�ects is neglected, as well as the occurrence of

aseismic slip. From pressure changes distribution it is then possible to invert per-

meability. This approach is compatible with ECM only as DFN inherently models

permeability changes as a function of aperture changes.

A �rst application of this idea was presented when reservoir hydraulic proper-

ties inferred from MEQ catalogues were obtained by Shapiro et al. (1997); Shapiro

(2000); Shapiro et al. (2005); Dinske et al. (2010), with a process called Seismicity

Based Reservoir Characterization (SRBC). The analytical solution of pressure dif-

fusion in a porous media is �tted to seismicity spatio-temporal migration. It was

applied to Soultz-sous-Forêts, KTB, Fenton Hill stimulations as well as synthetics

datasets. This method assumes constant permeability in space and time, which

does not �t an EGS stimulation process. Tarrahi and Jafarpour (2012) propose a

method using ensemble Kalman �lter to recover rock permeability from the MEQs

distribution. This is designed to resolve heterogeneities in the formation hydraulic

parameters. To our knowledge, this technique was not tried on recovering perme-

ability enhancement distribution, although it may be capable of doing so. Tarrahi

et al. (2015) iterate on this work, but this time model permeability enhancement

as a function of stress, and recover initial permeability distribution by inverting

pressure di�usion obtained from the seismicity catalogue. Permeability enhance-

ment mechanism is thus prescribed, undermining the advantages of the empirical

approach. Neither Tarrahi and Jafarpour (2012) or Tarrahi et al. (2015) applied

their method to an EGS dataset.
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1.4 Thesis Objectives and Outline

Here, based on the knowledge acquired, we present the challenges we identify in

the modelling of permeability enhancement and seismicity triggering in an EGS

stimulation context, and the questions we deem the most worthy of investigation.

1.4.1 Identi�ed Issues in Existing Modelling E�orts and Thesis

Objectives

Most of the physics-based models are based on the idea that hydroshearing is

the dominant mechanism in an EGS stimulation, and thus imply a deep coupling

between induced seismicity and permeability enhancement. This approach can

introduce bias as the insight gained from the model may actually be more a con-

sequence of the assumed physics rather than the uncovering of real life processes.

As a result, very often the seismically active volume is considered to be a proxy

for the measurement of the stimulated volume, but we know from Section 1.2.8

that seismicity and permeability increase are not always coupled. If this coupling

is not considered to be true, then the extent of the stimulated reservoir remains

unknown, even though it is a critical measure of an EGS stimulation success.

We also see that permeability enhancement mechanisms vary from one model

to the other. In spite of this, most models are able to successfully reproduce EGS

injection datasets. Thus it is di�cult to discriminate which model better re�ects

real-life stimulation processes based on their successful �t to existing datasets. It

underlines the issue of equi�nality discussed in Section 1.3.1, as well as the lack

of consensus on the relative importance of the di�erent stimulation mechanisms.

Empirical permeability enhancement models can provide a solution to some of

these issues, by not assuming the physical nature of the stimulation mechanism.

The disadvantage of an empirical approach is the inherent restriction in the types

of permeability enhancement regimes that can be modelled: a trade-o� always

has to be made between simplicity and �exibility. Using earthquake catalogues

as datasets, which are sparse, discrete and with an inherent aleatoric component,

also creates challenges.

Sensitivity of calibrated models to model parameters is often explored to gauge

the relative role of di�erent mechanisms. However, observation and parameter

uncertainty are seldom included. This raises questions about the robustness of

conclusions obtained from those analyses.



42 Introduction

In this work, we have two main goals. The �rst is to gain a better understanding

of the relative importance of di�erent physical mechanisms in both permeability

enhancement and seismicity triggering. The second is to obtain measures of the

success of an EGS stimulation from available information. To pursue those goals,

we use di�erent modelling approaches, including empirical permeability models

where both observation and parameter uncertainties are considered. Structural

error arising from imperfect model formulation is explored using synthetic models.

Those two objectives are complementary: we need to understand better mecha-

nisms to extract information from a seismicity cloud, and as an evaluation of the

stimulated volume provides insight about the physical processes responsible for

its creation.

1.4.2 Thesis Outline

In Chapter 2, we present the two EGS stimulation datasets used further as appli-

cation cases, Habanero and Paralana, both from South Australia. We explore the

magnitude distributions of the recorded induced seismicity cloud.

In Chapter 3, we develop a �rst model, based on the ECM approach. A physics-

based permeability model is introduced, which is dependent on stress and pressure

changes. Synthetic earthquake catalogues are modelled, including di�erent trigger-

ing mechanisms such as hydroshearing, stressing, and aftershocks. The model is

calibrated with the Paralana dataset, from which we try to gain insight on the

relative importance of poroelasticity in MEQ triggering.

Chapters 4, 5 and 6 together describe our empirical permeability model inver-

sion. In Chapter 4 we present how we extract the features of seismicity spatio-

temporal distribution through the computation of hypocentre density. The sensi-

tivity of this measure to error location and discretization is explored. From Chapter

3 results and our understanding of hydroshearing, we propose a linear relationship

linking pressure and induced seismicity, supported by an analysis of Habanero

hypocentre density pro�les.

In Chapter 5, we present the �rst realisation of our empirical permeability

model inversion, using a one-dimensional radial geometry. An empirical perme-

ability model following this geometry is developed, without underlying physical

motivation. The robustness of this setup to data quality and availability, as well

as stimulation asymmetry, is tested using synthetic models. The inversion is then
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applied to the Paralana dataset, where it is able to successfully constrain the

stimulated volume and gain insight on the stimulation mechanism.

In Chapter 6, a second version of increased complexity of our empirical per-

meability model inversion is presented, using a two-dimensional geometry and

exploring spatial heterogeneities in both initial permeability and permeability en-

hancement. The challenges of data availability and quality are explored, as well

as the impact of the coarse spatio-temporal discretization of the model. Finally,

we apply this method to the Habanero dataset.

Overall we create three di�erent permeability models, one physics-based (Sec-

tion 3.1.3) and two empirical (Section 5.2 and Section 6.2), and use these to develop

an understanding of EGS stimulation: extent, e�cacy, and limitations.





Chapter 2

Enhanced Geothermal System

Projects in South Australia

In developing and demonstrating our models, we use data from two EGS stimula-

tions, both performed in South Australia: the Habanero#1 well in Cooper Basin,

and the Paralana 2 well (Figure 2.1). Both projects were undertaken with the

goal to increase in situ permeability in high temperature basement at approxi-

mately 4 km depth. Geologic and injection parameters for the two stimulations

are summarized in Table 2.1.

For hydraulic fracturing to have occurred at these stimulations, the downhole

pressure in the well would have needed to exceed the minimum principal stress. We

cannot be certain that a hydraulic fracture was not created during these stimula-

tions because of uncertainty in the estimated stress directions and magnitudes. For

the Habanero stimulation, a previous study deemed hydraulic fracturing unlikely

(Baisch et al., 2006). At Paralana, it is possible that downhole pressure exceeded

the minimum principal stress (Albaric et al., 2014).

Arrays of seismometers were installed at both sites and micro-earthquake

(MEQs) catalogues are available for both stimulations (Albaric et al., 2014). Nat-

ural seismicity in those sites is negligible, and do not contaminate the induced

seismicity catalogues. In both cases, the distribution of MEQs allows identi�ca-

tion of a sub-horizontal plane that presumably localizes �uid �ow, and reveals

migration of newer events away from the wellbore (Figure 2.3).

45
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Figure 2.1: Location of the two EGS stimulation sites considered (modi�ed from
Ri�ault et al. (2018)).

2.1 Habanero

Three stimulations were conducted at the Habanero well in 2003, 2005 (Baisch

et al., 2009) and 2012. Here, we consider only the �rst stimulation, which involved

injection of 20,000 m3 of water into the granitic basement at a depth of 4.25 km.

The stimulation was conducted as a series of four constant �ow rate steps, in-

creasing from 8 to 24 L.s−1 (Figure 2.2a). Wellhead pressure (WHP) in the �nal

step was maintained about 31 MPa above the 35 MPa artesian overpressure en-

countered in the well. During the �rst two steps, WHP is seen increasing faster

than injection rate, thus injectivity decreased (Equation (1.3)), indicating no sign

of permeability improvement (Figure 2.2c). Over steps 3 and 4, WHP stays con-

stant, and injectivity stabilizes at slightly increasing levels. This may reveal some

variation in permeability, as this behaviour is markedly di�erent to that observed

during the �rst two steps.

About 10,436 MEQs larger than Mc=-0.85 were located during this stimula-

tion. They formed a large planar cloud dipping about 10◦ to the West, approxi-

mately 1×2 km in extent and 150-200 m thick (Figure 2.3). As the thickness of the
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Figure 2.2: Wellhead pressure, injection rate, injectivity, and acid injections for the
2011 Paralana 2 and 2003 Habanero#1 stimulations. Injectivity scale is di�erent
for each dataset. Modi�ed from Ri�ault et al. (2018).

cloud is approximately the vertical resolution the MEQ locations, it was inferred

that all the events occurred on a single large structure (Baisch et al., 2006). This

was later con�rmed by drilling, and this structure is now called the Habanero

Fault (Bendall et al., 2014). The absolute lateral location error is on average 40

m, but the relative error is only of 6 m. This will be of importance later on, as we

are not as interested in the absolute individual position of each MEQ but rather

in the overall distribution of the cloud.

Injectivity behaviour change has no correspondence in the seismicity rate (Fig-

ure 2.4a). Thus, if this behaviour indicates permeability enhancement kick-o�, it

would be uncorrelated to seismic activity in this case. Contrary to what was ob-

served in other EGS stimulations (Section 1.1.3), no post shut-in seismicity rate

increase was recorded. As injection goes on, seismicity migrates away from the

wellbore, but events keep occurring close to it as well (Figure 2.4c).

A reconstitution of in situ stress was carried out by Fernández-Ibáñez et al.

(2009). Vertical stress magnitude was estimated by integrating density distribu-
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Figure 2.3: Spatio-temporal distribution of the microseismicity catalogue for the
2011 Paralana 2 and 2003 Habanero#1 stimulations. The positions are projected
in the three planes of space. Colour re�ects time, while size re�ects magnitude. The
seismicity catalogues for the Paralana and Habanero stimulations were provided
by Julie Albaric of the Université de Franche-Comté, France, and Colleen Barton
from GeoMechanics International, Baker Hughes, respectively.
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Figure 2.4: Spatio-temporal distribution of the microseismicity catalogue for the
2011 Paralana 2 and 2003 Habanero#1 stimulations, and accompanying injection
rates. Scales are di�erent for each dataset.

tion with depth. Density is calculated using available sonic data. At the reservoir

depth, we have σv ∼ 95 MPa. Leak-o� tests were attempted to obtain the mag-

nitude of the minimum horizontal stress, but formation breakout did not occur,

thus returning only a lower bound for this value. This lower bound is close to the

vertical principal stress, suggesting that σh ≥ σv, which corresponds to a reverse

regime. In this scenario, it is very di�cult to measure the minimum horizontal

stress with a vertical well. To estimate the magnitude of the maximum horizontal

stress, instances of wellbore breakout observed in image logs are used. Circumfer-

ential stresses are modelled using the previously obtained estimates of minimum

horizontal stress, vertical stress, and pore pressure at a given depth, as described

in Moos and Zoback (1990). An estimate of maximum horizontal stress is then

returned. Because of the dependence of this method on previous principal stress

measures, uncertainty in previous estimates are transferred to the maximum hor-

izontal stress computed value. Fernández-Ibáñez et al. (2009) obtained an upper

bound of σH ≤155 MPa at the reservoir depth. Using the same wellbore break-

outs, the orientation of the maximum horizontal stress can be estimated and was
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Table 2.1: Paralana and Habanero stimulations parameters

Stimulation Paralanaa Habanerob

Stimulation date Jul 2011 Nov-Dec 2003
Volume injected 3,100 m3 20,000 m3

Stimulation duration 4.5 days 30 days
Injection depth 3946 m c 4250 m
Maximum wellhead pressured 39.0 MPa 30.9 MPa
(WHP)
Injection regime Constant WHP Four steps with

with shut-ins increasing WHP
Stress regime Strike-slip or Reverse

reverse
In situ temperature 190◦ C 250◦ C
MEQs located 4,753 11,068
Maximum magnitude 2.6 2.2
Minimum magnitude -0.6 -2.0
Magnitude of completenesse Mc 0.1 -0.8
Number of MEQs with M > Mc 3,809 10,436
Injection plane dip 13◦ NNW 9◦ W
Average lateral error (2σ) 50 m 40 m
Average vertical error (2σ) 45 m 80 m
aAlbaric et al. (2014); Bendall et al. (2014)
bBaisch et al. (2006)
cIntersection between well and injection plane derived from MEQs distribution
dExcluding WHP needed to overcome artesian pressure, 23 MPa for Paralana,
35 MPa for Habanero
eSee Section 2.3

found to be oriented at 082◦N. Other studies modelling in situ stress using the

datasets obtained slightly di�erent values for the principal stresses magnitudes

(Baisch et al., 2013; Holl and Barton, 2015), but con�rmed that a reverse regime

is in place. The uncertainty surrounding Habanero in situ stress regime has no

impact on the rest of the study.

2.2 Paralana

Paralana 2 was drilled in 2009 as an injection well for an EGS project. The well

was drilled to a depth of 3962.5 m and was cased from the surface down to 3680 m,

and plugged by cement at 3680 m. The well is sub-vertical to about 3400 m and

below this deviates systematically to 17◦ (Bendall et al., 2014). The casing was
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perforated between 3639 and 3645 m, within the sediments, an unusual setting as

most EGS projects aim to stimulate the crystalline basement (Evans et al., 2012).

Its stimulation lasted for �ve days and was carried on in two stages. During the

�rst stage (continuous pumping), 2,200 m3 of water were injected, accompanied

by 110 m3 of acid. A second stage followed (propped fracture treatment), during

which 900 m3 of water were injected, without acid but proppant added. Injection

was maintained at almost constant wellhead pressure (Figure 2.2b). After an initial

plateau, an increase in injectivity over time is observed (Figure 2.2d), so perme-

ability enhancement can be certain to have occurred. In the stimulation report

provided by Petratherm � the �rm responsible for the completion of the stimula-

tion operation � acidization is seen as responsible for injectivity increase, but at

the same time Bendall et al. (2014) implies that �ow rate increase can be corre-

lated with reservoir development through hydroshearing. The litho-stratigraphic

and structural environment in Paralana is weakly constrained, especially below

3300 m because of logging issues (Reid et al., 2010).

A total of 3,809 MEQs with magnitude larger thanMc=0.05 were detected and

relocated, as described in Albaric et al. (2014). Unlike the cloud recorded during

the 2003 Habanero stimulation, events are much more widespread, with some

occurring thousands of meters above the injection point at early times (Figure

2.3). Nonetheless, we can divide those events in two groups: one, the largest in

number, which draws a planar structure dipping 13.5◦ to the NNW, and another,

regrouping all the other events, mostly above this planar shape, that do not display

any recognizable structure (Figure 2.5a). The events painting the planar structure

have their hypocentre distance with the well increasing with time, depicting a

front moving away from the injection origin (Figure 2.5b). This behaviour is very

similar to the one observed during the Habanero stimulation for its whole catalogue

(Figure 2.4c). In contrast, hypocentres located out of the planar structure do

not follow any kind of propagation pro�le with time (Figure 2.5c). This category

includes the early distant events mentioned earlier.

This variation may originate in a di�erence in triggering mechanism. From

our knowledge of processes able to create microseismicity (see Section 1.2), we

think that the planar events reveal a propagation of a pressure increase, as it is

the accepted mechanism for the largest part of recorded EGS induced seismicity,

and their propagation in time and space is consistent with the propagation of a

pressure front. Because the thickness of the identi�ed structure, ∼140 m, is larger
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than the vertical location uncertainty, 50 m, it is unlikely to be a single fault as at

Habanero, but rather a thick fracture network. The di�erent spatio-temporal dis-

tribution of events outside the injection plane does not indicate the existence of a

pressure front. While it is always possible to imagine a speci�c fracture mesh recre-

ating the spatial �uid distribution and the triggering of events more than 1,000 m

away form the wellbore in the early hours of the injection, it seems highly unlikely

in this case. Rather, those events suggest a poroelastically or aftershock induced

triggering. If poroelasticity is the origin, this implies that a very small change in

in situ stress is necessary to cause shear failure, and thus that the crust is crit-

ically stressed (Townend and Zoback , 2000). Furthermore, this would imply by

analogy that microseismicity in Habanero is almost exclusively generated through

hydroshearing, and that crust is not critically stressed over there. The possibility

of di�erent mechanisms inducing the peculiar spatio-temporal microseismicity dis-

tribution observed during the Paralana stimulation is studied through modelling

in Chapter 3.

This planar structure intersects the well 200 m below the cement plug, and

240 m below the intended injection point. If injected �uid entered sediments at

perforation depth, between 3639 and 3645 m, it resulted in no discernible seismic-

ity cloud. Thus it seems likely that most injected �uid penetrated the cemented

plug and entered the formation at around 3900 m. This depth coincides with

the basement-sediment cover boundary (Albaric et al., 2014), which have some-

times been observed as zones of elevated permeability (Boion et al., 2010). The

basement-sediment cover boundary provides a potential path for �uid to reach

intersecting, optimally-oriented fractures and to trigger their failure through hy-

droshearing. It is not clear why �uid was able to �ow through the cement plug,

but this plug is only 40 m deeper than the injection point, where the casing stops.

Below, the borehole might not be cemented and then provide a pathway for the

injected �uid (Albaric et al., 2014). This lower than intended e�ective injection

depth is problematic regarding data collection, as the well was not logged at the

real injection depth. We thus lack true reservoir temperature, images of poten-

tial fractures, observation of borehole breakouts that could paint a more accurate

picture of the reservoir in situ stresses.

At Paralana, for operational reasons, the well was logged only to 3683 m,

which is about 200 m above the injection plane (Bendall et al., 2014). Thus,

the well position at its intersection with the planar seismicity cloud can only be
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Figure 2.5: Highligted Paralana seismicity planar structure. (a) Spatial represen-
tation of the injection plane in relation to the extrapolated position of the well
Paralana 2 and the centroid of the events recorded within 5 hours of the start of
the injection. (b-c) Spatio-temporal distribution of the microseismicity catalogue
when those events are discriminated according to their inclusion in the highlighted
planar structure.

extrapolated from its deepest known orientation. This reveals a discrepancy with

the position of the seismicity cloud and the intersection with the well track, which

is about 50 m away from the �rst set of seismic events (Figure 2.5a). When using

the Paralana catalogue for model calibration, we prefer to use the centroid of all

events recorded within 5 hours of the start of the injection as the position of the

well. This is because we think that those early event better re�ect the starting

point of pressure increase than the extrapolation of the well position. In chapter

5, where the most complete model of the Paralana stimulation is developed, The

well position at its intersection with the planar seismicity cloud was also used to

test the impact of this decision. It is found to be minor and does not a�ect our

conclusions derived from this model.

No change in the seismicity rate can be correlated to the switch from injectivity

plateau to injectivity increase, when permeability enhancement may have seen a
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signi�cant acceleration (Figure 2.4b). Again, seismic activity cannot be correlated

to an observed hydraulic behaviour. While post shut-in seismic activity decreases

for the second shut-in phase, it stays stable for the third shut-in and increases

for the fourth shut-in. If we discount the early distant events discussed before,

large MEQs follow a clear migration pattern (Figure 2.4d). Near-wellbore seismic

activity occurs only during injection phases. Possible MEQs swarms are much

harder to identify than for the Habanero catalogue, indicating maybe a lesser

"pollution" of the catalogue by aftershocks.

The study of the in situ stress tensor in Paralana was done with the same

method than for Habanero using the well logs by Mildren et al. (2004). Verti-

cal stress magnitude was calculated to follow a gradient of approximately 26.3

MPa/km. Similarly to Habanero, leak-o� tests failed as they could not observe

breakdown of the formation. The lower bound of the minimum horizontal stress

was found to be 45 MPa at a depth of 2250m, which makes an average gradient

of 20.0 MPa/km. Simulation of circumferential stresses at borehole breakouts us-

ing the other estimate of principal stresses returned a gradient of 35.22 MPa for

the maximum horizontal stress. Values of both horizontal stresses magnitudes are

only lower bounds, and therefore it is not possible to constrain the stress regime,

which can be either strike-slip (σH ≥ σv ≥ σh) or reverse (σH ≥ σh ≥ σv). Focal

mechanisms computed for the largest earthquakes recorded during the stimulation

by Albaric et al. (2014) are consistent with a strike-slip to reverse stress regime.

Maximum horizontal stress orientation was derived in Mildren et al. (2004) from

interpretation of the image log acquired at Paralana 2. While great variations

in breakouts direction is observed above a depth of 3000 m, they are more con-

sistently orientated below at 105◦N, but still quite uncertain. The in situ stress

tensor at Paralana thus remains relatively uncertain due to the incomplete nature

of the available dataset. This introduce major uncertainties in our physics-based

permeability model developed in Chapter 3.

2.3 b-value Analysis

The �rst step to calculate a b-value for a given sample is to assess its magnitude

of completeness Mc. We use the maximum curvature method (Wiemer and Wyss,

2002), which states that Mc is the maximum value of the �rst derivative of the

frequency magnitude curve. This equals to selecting the most common magnitude

observed. This method may lead to underestimated values of Mc (Woessner and
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Wiemer , 2005). The magnitude of completeness is actually the most common

magnitude minus half the resolution (Figure 2.6).

The b value is calculated according to the maximum likelihood method (Aki ,

1965)

b =
1

log(10)×
(∑n

i=1Mi

Nm
−Mc

) (2.1)

where Mi are all the magnitudes in the catalogue higher than Mc and Nm their

number. This method is preferred to the least squares method, which tends to

statistically estimate b-values which are too low (Bender , 1983). The uncertainty,

σb, associated to the maximum likelihood method is (Shi and Bolt , 1982):

σb = 2.30b2

√∑n
i=1(Mi −Mc)

Nm(Nm − 1)
. (2.2)

The Gutenberg Richter distribution �t to both catalogues is not very convincing

(Figure 2.6a). It may stem from an underestimation of the magnitude of com-

pleteness, Mc, or these catalogues may simply not comply to the GR relation for

unknown reasons. The value found for the Paralana catalogue, b=1.51±0.03 (Fig-
ure 2.6b), is higher than the one given by Albaric et al. (2014) (b=1.32±0.02),
which we are not able to recover. b-values calculated for other EGS stimulation

catalogues are in a similar range: Bachmann et al. (2011) computed values for the

2006 Basel stimulation of 1.56±0.05 and 1.15±0.07 for the co- and post-injection

events respectively. Cuenot et al. (2008) found a value of 1.29±0.04 for the 2000

stimulation of the Soultz-sous-Forêts of the well GPK2. It is noteworthy that these

values are typically higher than those recorded for natural seismicity, for which

the Earth average is 1.02±0.03 (El-Isa and Eaton, 2014)

Instead of considering the whole catalogue, b-values can be calculated for sam-

ples restricted in time and/or space. Mapping of b-values is a common analysis in

natural seismicity (Wyss et al., 1997; Lin et al., 2007; Jafari , 2013), where spatial

variations are detected at a scale of a few kilometres. b-values were found to de-

pend on many di�erent parameters when studied in natural seismicity, including

thermal gradient (Warren and Latham, 1970), degree of fracturation (Wyss et al.,

1997), heterogeneity (Mogi , 1962), variations in rock-strength (Jafari , 2013), and

variations in stress �eld (Scholz , 1968). For stress dependency, more speci�cally,

several studies indicate that b-values increase with a lower e�ective stress (Scholz ,

1968; Wyss, 1973; Frohlich and Davis, 1993). Frictional sliding was found to lead
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Figure 2.6: Magnitude distribution and Gutenberg-Richter �t for (a) Habanero
(b) Paralana. Scales are di�erent for each dataset.

to higher b-values (Scholz , 1968). High stress drop decreases b-value (Urbancic

et al., 1992). b-values were found to be inversely dependent on di�erential stress,

σd (Schorlemmer et al., 2005), and can be interpreted as a "stressmeter". These

conclusions were successfully applied in natural seismicity (Gulia and Wiemer ,

2010).

A high-resolution mapping, with a scale of less than hundreds of meters, for

induced seismicity has only been conducted to our knowledge in the Basel EGS

project, Switzerland, by Bachmann et al. (2012). In Bachmann et al. (2012), a

relation between radial distance from wellbore and b-values was found: the b-

values were decreasing with distance. b values were also found to be decreasing

with time. They explain both relationships with a dependence of b-values on

di�erential stress, σd, consistent with results from Schorlemmer et al. (2005) and

Gulia and Wiemer (2010).

We attempt here to conduct a similar analysis using the available South Aus-

tralian stimulations MEQs catalogues. A local b-value calculation is attempted for

each MEQ. There are several options to establish the space-time window which

contains the MEQs that should be taken into account for the calculation. One

possibility is to consider only the MEQs that are less than an arbitrary radius,
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R, away from the MEQ where the b-value is calculated. Another possibility is to

consider only the N closest MEQs, N being an arbitrary parameter. This method

was used in Bachmann et al. (2012), using N=150. It is also possible to consider

only the MEQs that occurred at an earlier time, thus adding a temporal dimension

to the analysis. For each sample, a new magnitude of completeness has to be cal-

culated. A minimum sample size for the b-value calculation, once that the MEQs

with a magnitude lower than local Mc have been �ltered out, has to be de�ned

arbitrarily. In Shi and Bolt (1982), a sample of 100 events was required to al-

low b-value calculation for a natural seismicity catalogue from Central California.

Bachmann et al. (2012) used 25 as the minimum sampling size. All these �lters

can be combined. The more restrictive the calculation parameters are chosen, the

more robust is the analysis, but also the less values are obtained. This trade-o�

between uncertainty and number of data points will be repeatedly encountered in

following chapters.

After extensively trying di�erent �lters/parameters combinations, we found

that results using a maximum relative distance set to R=150 m and a requirement

of N=100 minimum sample size provide a good trade-o� between robustness and

dataset size (sample illustration can be found in Figure 2.7). We obtain a range

of mapped b-values of 0.48±0.04 to 1.43±0.26 and 0.63±0.06 to 3.88±1.11 for

Habanero and Paralana respectively. For comparison, mapped b-values range from

0.8 to 3.5 in Bachmann et al. (2012). No correlation between triggering time and

b-values is found for both catalogues, contrary to what was observed by Bachmann

et al. (2012). Results are compiled in Table 2.2. The only correlation ensuing from

this b-value mapping is a b-value with depth one for the Paralana catalogue only

(Figure 2.8d). As the Habanero catalogue does not have vertical spread, there is

no depth dimension there (Figure 2.8c). There is no visible correlation between

distance from the wellbore and b-values for both catalogues (Figure 2.8a-b), again

a departure from the Bachmann et al. (2012) conclusions.

We see four possible explanations for the apparent b-value with depth corre-

lation.

1. b-value variation may be caused by di�erential stress, as suggested by Bach-

mann et al. (2012) for the Basel stimulation. However, for both our South

Australian catalogues, we see no correlation with distance from the wellbore,

while di�erential stress caused by �uid injection would vary along this axis
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Figure 2.7: Local Gutenberg-Richter b-value calculation for a randomly selected
MEQ in the Paralana catalogue. (a), (b), (c) highlight MEQs within a radius,
R, of the chosen MEQ used for the b-value calculation. (d) shows the resulting
magnitude distribution, its magnitude of completeness and b-value.

Table 2.2: Paralana and Habanero b-value mapping summary

Stimulation Habanero Paralana

b-values obtained 18,672 2,092
Minimum magnitude of completeness -1.45 0.05
Maximum magnitude of completeness -0.35 0.55
Minimum b-value 0.48±0.04 0.63±0.06
Maximum b-value 1.43±0.26 3.88±1.11
Maximum b-value uncertainty 0.26 1.13
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Figure 2.8: b-value spatial distribution relatively to (a, c) the wellbore for Ha-
banero and Paralana respectively, (b, d) depth for Habanero and Paralana respec-
tively. Scales are di�erent for each dataset

as well. More details about expected di�erential stress variations are given

in Chapter 3. Our modelling e�orts developed there cannot reproduce the

di�erential stress dependence to depth suggested here. So di�erential stress

does not seem to be a likely explanation for the observed feature.

2. b-value variation may be dependent on the triggering mechanism. As said

before, distant events observed during the Paralana stimulation are thought

to be the consequence of either aftershocks or poroelasticity, a hypothesis

supported by the di�erence in behaviour highlighted in Figure 2.5. Maybe

the stress changes caused by those mechanisms are too low to trigger large

ruptures, as hydroshearing can, and thus lead to higher b-values where they

are dominant. This however is the opposite of the conclusions of Scholz

(1968); Wyss (1973); Frohlich and Davis (1993), where b-value is found to

be increasing with a lower e�ective stress.

3. b-value variation may instead be a consequence of the geological layout.

Indeed, while the sub-horizontal cloud of seismicity seems to occupy the
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interface between basement and sediments, all events triggered in the kilo-

metre above occur in old sediment layers (see Section 2.2). As suggested by

natural seismicity b-values mapping e�orts, changes in degree of fracturation

or rock-strength may be responsible for the observed dependency.

4. More simply, b-value increase with depth may re�ect observational bias.

Small events are less likely to be detected as they occur deeper, arti�cially

lowering b-value. While the calculation of a local magnitude of completeness

for each sample is supposed to compensate this bias, it may not totally

suppress it.

Thus, our b-value mapping could not recover correlations as clear as those devel-

oped by Bachmann et al. (2012).

2.4 Conclusions

For both Habanero and Paralana datasets, permeability enhancement took place,

although its magnitude and extent is unknown, and high quality seismicity cata-

logues were recorded, with thousands of events recorded in each case. All mech-

anisms described in Section 1.2 possibly occurred during at least one of those

stimulations. Habanero and Paralana stimulations are thus ideal settings to study

the physical processes leading to reservoir stimulation and induced seismicity, and

their eventual correlation.

In Chapter 4, we use the Habanero dataset to investigate a possible relation-

ship between seismicity volumetric density and pressure increase. In Chapter 6,

we apply a two-dimensional empirical permeability inversion to this dataset to

estimate the extent of the stimulated volume and gain insight on the mechanisms

responsible for permeability increase.

The physics-based model developed in Chapter 3 is calibrated to the Paralana

dataset, which allows an analysis of poroelasticity role in MEQ triggering. The

b-value with depth relation is brie�y investigated with the model assistance. The

one-dimensional radial version of our empirical permeability inversion is applied

to Paralana in Chapter 5, from which we obtain an estimate of the volume that

underwent permeability enhancement.



Chapter 3

Physics-based Permeability

Enhancement Model

3.1 Method Description

Here we develop an E�ective Continuum Model (ECM) where physical mech-

anisms causing permeability changes and triggering induced seismicity are repli-

cated. In a �rst step we use a simulator to model sub-surface pressure, temperature,

and stress changes, with permeability evolving as a function of stress and pressure.

We then stochastically generate induced seismicity, based on the stress output.

This source events catalogue is supplemented with aftershocks, generated with

the statistical model Epidemic-Type Aftershock Sequence (ETAS). The model is

calibrated to the Paralana stimulation dataset, and used to study the impact of

poroelasticity on the MEQs catalogue spatio-temporal distribution. Mechanisms

considered in our approach include hydroshearing, poroelasticity, thermal e�ects,

and aftershocks.

Work presented in this chapter is in part drawn from a paper presented at 41st

Workshop on Geothermal Reservoir Engineering, at Stanford University (Ri�ault

et al., 2016). Results and text included in this chapter, especially Section 3.2,

are largely unchanged from the published version as permitted by the University

of Auckland under the 2011 Statute and Guidelines for the Degree of Doctor

of Philosophy (PhD). Co-authors of this work Dr David Dempsey, Dr Rosalind

Archer, Dr Sharad Kelkar and Dr Satish Karra advised on the manuscript, however

the bulk of the research and preparation for publication was undertaken by the

thesis author (see accompanying declaration).
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3.1.1 Reservoir Simulator

The model is constructed using the coupled thermal-hydrological-mechanical

(THM) code Finite Element Heat and Mass transfer (FEHM) (Zyvoloski , 2007).

FEHM solves for Darcy heat and mass �uxes. As we use an E�ective Continuum

Model (ECM) to simulate a fracture time step, we assume that matrix pressure

and temperature are the same as fractures pressure and temperature. FEHM also

computes mechanical stresses and displacement in an elastic medium, account-

ing for both pre-existing tectonic stress and any thermoporoelastic e�ects. Fluid

phase changes are not considered, even if they are within FEHM capabilities, as

in our context pressures are too high to allow liquid water to boil. Six governing

equations for mass, energy, and stress balance are implemented in FEHM (Kelkar

et al., 2014; Dempsey et al., 2015).

(i) The mass conservation,

∂

∂t
(ρφ) +∇ · q = Qm, (3.1)

where t is time, ρ is �uid density, φ is the rock porosity, q is the Darcy �ux,

and Qm is the mass source term.

(ii) The Darcy �ow,

q = −κ
µ
∇(P − ρgẑ) (3.2)

where κ is rock permeability, µ is the dynamic viscosity, P is the �uid pres-

sure, g is gravity, and ẑ is a vertical unity vector.

(iii) The energy conservation,

∂

∂t

(
ρUφ+ (1− φ)ρrCrT

)
+∇ · (qρH)−∇ · (Λ∇T ) = Qe (3.3)

where U and H are the internal energy and enthalpy of the �uid, ρr, Cr ,

Λ are the density, speci�c heat, thermal conductivity of the rock, T is the

temperature, and Qe is the energy source term.

(iv) The static force balance,

∇σ + ρrgẑ = 0 (3.4)

where σ is the stress tensor. We de�ne σ = ∆σ + σ0 with σ0 the initial

tectonic stresses and ∆σ stress changes resulting from changes in matrix

temperature, pressure or in strain.
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(v) The thermoporoelasticity,

∆σ = λtr(ε)I + 2Gε+ (β∆P + αE∆T )I (3.5)

where λ, G, E, α and β are Lame's parameter, shear modulus, Young's

modulus, the coe�cient of thermal expansion and the Biot coe�cient, and

ε is the strain tensor.

(vi) The stress-strain relationship,

ε =
1

2

[
∇u+ (∇u)T

]
(3.6)

where u is the displacement vector.

FEHM uses the control volume method to solve for heat and mass transfer,

but uses the �nite element method to solve for stress and displacement.

As stated in Chapter 2, an analysis of the seismicity suggests that for both our

datasets, injected �uid spreads sub-horizontally along planar structures. In the

case of Habanero, this assumption is particularly robust, as drilling reveals there

to be a single fracture plane that was reactivated during the stimulation. For

Paralana, this assumption is not directly veri�ed by downhole imaging, but there

is a candidate structure, the interface between basement and sediment, to account

for a relatively permeable plane of �uid �ow. We re�ect this in our model geometry

by dividing our domain in two sectors: a permeable layer which represents the

planar structure, and an impermeable layer, where pressure will not increase but

stresses are a�ected by poroelastic e�ects (Figure 3.1). Because of the symmetries

this model presents, we can simulate only one eighth of space and inject �uid at a

corner. On all boundaries we impose no �ow and no normal displacement. Injection

pressures and temperatures are prescribed, and injection rate is simulated. Later

in the calibration phase we match this �ow rate with the one recorded during

the Paralana stimulation, and thus reproduce injectivity changes observed. The

three principal stresses are oriented parallel to the Cartesian axes. In lack of better

measurements, we use the lower bounds for the stress gradients found by Mildren

et al. (2004) detailed in Section 2.2, and reiterated in Table 3.2. We thus have a

strike-slip regime, with σh = σ3 in the x̂ direction, σH = σ1 in the ŷ direction,

and σv = σ2 in the ẑ direction (Figure 3.1).
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Figure 3.1: Sketch of the FEHM geometry, using symmetries to model only one
eighth of space. Boundaries are all closed to �ow and forbid normal displacement.

3.1.2 Wellbore Simulator

While cold �uid is injected during EGS stimulation, water has to travel in a long,

narrow wellbore before reaching target depths, heating up in the process. Injection

temperature impacts rock cooling rates, as well as viscosity and thus injectivity.

To account for this, we use a basic reservoir simulator to prescribe realistic down-

hole pressures and temperatures (injection rate is not prescribed as it calibrated).

We construct a radial FEHM simulation with blocks representing the wellbore,

the well, the pipe, the casing, and the surrounding formations (approximated to a

formation with homogeneous properties) with representative values of density, spe-

ci�c heat, and thermal conductivity, re-using the framework developed by Dempsey

et al. (2015). Well blocks are assigned a 99% porosity and high permeability, while

pipe and casing are impermeable and have zero porosity. Approximating a pipe

by a porous medium with maximum porosity is not correct. Reynolds numbers

during the stimulation within the wellbore are in the order of 105, and indicate

injected �uid is in a turbulent �ow. We understand that our Darcy based model is

not adequate for approximating turbulent �ow where convective heat transfer is

important, but it still allows us to measure the order of magnitude of the impact

of wellbore heating.

The 4 km depth of the well are simulated; wellhead pressure, injection rate, and
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Figure 3.2: Downhole injection parameters for the Paralana stimulation: (a) injec-
tion rate, (b) simulated downhole temperature, (c) simulated downhole pressure.
Downhole pressure and temperature are used to prescribe �uid injection parame-
ters in the reservoir model.

temperature are prescribed, while the same �ow rate is extracted at the bottom of

the well. Injection temperature is not known but assumed to be at constant 20◦C.

Thus, we model the replacement of an initially warm column of water with cold

injected water, heat radiating from rock into the well, and thus slow cooling of

the formation. The model shows that, over time, downhole temperature decreases

as formation heating becomes less e�cient. An additional overpressure is also

obtained, due to density changes in the water column. The resulting time series

for temperature and pressure during stimulation are used in the main simulation

(Figure 3.3).

3.1.3 Permeability Model

Here, we present the �rst of three permeability models, the two other being pre-

sented in Section 5.2 and Section 6.2. This is the only physics based model, where

the evolution of permeability is motivated by changes in stress and pressure. The
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other two models are empirical, where the produced space-time evolution of per-

meability has no underlying physical motivation.

In this chapter, permeability is calculated as a function of local stress, σ, and

local pressure, P , and updated at the end of each time step. The Mohr-Coulomb

failure criterion is used to identify regions where induced stresses are su�cient

for shear failure to occur. We consider only that hydroshearing, thermal e�ects

and poroelasticity can cause permeability enhancement. While this approach is

fairly common (see Section 1.3.2), it still neglects permeability enhancement from

at least acidization and tensile opening. Our modelled permeability is a function

of the excess shear stress (see Equation (1.10)) and we use the model presented

by Kelkar et al. (2014), where permeability enhancement follows a ramp until it

reaches a set maximum value. Changes in permeability are both isotropic, and

irreversible, because only shear failure is considered and not tensile opening. Real

initial permeability and permeability changes are unlikely to be isotropic given that

fracture networks and tectonic stresses are anisotropic, but as a �rst approximation

directionality in pressure front propagation is not considered. Permeability changes

are calculated according to the following formulation,

κ =


κ0, τex ≤ 0

κ0 + κ0(γ−1)
τex,γ

τex, 0 < τex ≤ τex,γ
κ0γ, τex > τex,γ

 (3.7)

where κ is the permeability, κ0 the initial permeability, γ the maximum perme-

ability multiplier, and τex,γ the excess shear stress value at which this coe�cient

is reached. Note that excess shear stress can be positive only because we do not

model stress drop ensuing. In this model porosity remains constant.

3.1.4 Seismicity Model

Our stochastic seismicity model is divided in two steps. First we generate source

events as a function of stress changes. Second we generate aftershocks using the

ETAS model. They follow a cascading process, meaning that each aftershock can

generate new aftershocks, and so on.

3.1.4.1 Source Generation

As seen in Section 2.2, there is not a one to one correspondence between seismicity

rate and permeability enhancement, and our model must re�ect this. We assume
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Figure 3.3: Excess shear stress dependent permeability model from (Kelkar et al.,
2014).

that seismicity generation is a function of the calculated excess shear stress, τex,

as it originates in the occurrence of shear slip. Due to heterogeneities in rock prop-

erties and stress distribution, it is possible for small fractures to fail and generate

micro-earthquakes but not necessarily generate bulk permeability improvement

(which depends more on the size of fractures and their connectedness). This also

carries the assumption that the crust is in a critically stressed state, e.g. small

stress variations are able to trigger shear failure (Townend and Zoback , 2000).

Hence we use the following model for induced earthquakes: events are generated

whenever excess shear stress is increased in a volume, but there is no minimum

threshold that must be exceeded, contrary to our permeability model. Therefore,

at nodes and time steps where ∆τex > 0, the number of earthquakes is generated

with

λPoisson(node, t) = k ×∆τex × V (node), (3.8)

where λPoisson(node, t) is the rate parameter of a Poisson distribution from which

the number of triggered earthquakes is drawn, k is the seismogenic density, ∆τex

is the change in excess shear stress at the node for a given time step t, and V is

the control volume associated to the node. Events are assigned a random position

within the control volume and a random occurrence time within the time step,

both according to a uniform distribution. Event magnitudes are drawn from a

Gutenberg-Richter distribution (Gutenberg and Richter , 1944). The normalized

probability density function is given by the following equation,

PM (M) = b log(10)10−b(M−M0), (3.9)

where M is the magnitude higher than the reference magnitude M0, P(M) is the

probability density function, M0 is the cut-o� magnitude, and b is the b-value.



68 Physics-based Permeability Enhancement Model

3.1.4.2 Aftershock Generation

The Epidemic Type Aftershock Sequence (ETAS) model provides a stochastic de-

scription of the aftershocks associated with induced earthquakes. The idea behind

this model is that any earthquake can trigger subsequent events and, potentially, a

cascading population of aftershocks. The ETAS model implemented here is based

on Ogata (1988) and Helmstetter and Sornette (2003). A "mother" event of mag-

nitude Mi occurring at time ti and position ~ri gives birth to aftershocks in the

time interval between t and t+ dt and at point ~r ± ~dr at the rate,

Φ(t− ti, ~r − ~ri) = χ(Mi)Φt(t− ti)Φr(|~r − ~ri|). (3.10)

Φ(t) is the modi�ed "direct" Omori law (Omori , 1894; Utsu and Ogata, 1995),

and controls the delay between an earthquake and its aftershock.

Φt(t) =
ucu

(t+ c)1+u
, (3.11)

for t > 0, where u and c are constants. Φr(|~r − ~ri|) is the spatial Omori law

and controls the distance between an earthquake and its aftershock. Direction is

generated using a uniform spherical random distribution,

Φr(|~r − ~ri|) =
v

d
( |~r−~ri|

d + 1
) , (3.12)

with v and d two constants. The productivity law gives the number of direct

aftershocks generated per earthquake,

χ(Mi) = w10ε(Mi−M0) (3.13)

with w and ε are again two constants, and M0 is the cut-o� magnitude, the

magnitude under which a "mother" event cannot trigger aftershocks (Sornette

and Werner , 2005). The Gutenberg-Richter law (Gutenberg and Richter , 1944)

controls the magnitude distribution of the earthquakes (see Equation (3.9)).

There are two important di�erences between ETAS events and induced events

described in the previous subsection: (1) ETAS events are not triggered by elevated

�uid pressure but instead represent aftershocks associated with stress redistribu-

tion, (2) ETAS event locations and times are stochastic variables. Because of the

delay (Omori law), aftershocks may account for some of post shut-in seismicity.

With the ETAS model associated with source events described in the previous sec-

tion, we generate an earthquake catalogue for a hypothetical 40 day long injection
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Figure 3.4: Illustration of the cascading process of an ETAS model, where "daugh-
ter" events are linked to their "mothers", either source events or aftershocks.

Table 3.1: ETAS model parameters

Parameters Value

Omori law

u 0.2
c 0.001 days

Spatial Omori law

v 1.5
d 50 m

Gutenberg Richter law

b 1.5

Productivity law

w 0.16
ε 0.8
M0 -0.6

where source events are caused only by hydroshearing. Ground �ow simulation

parameters are not calibrated, and ETAS parameters are loosely based on those

found in Helmstetter and Sornette (2003) (Table 3.1). Nevertheless, the simulated

catalogue mirrors some features observed in the Paralana catalogue, such as the

distribution of events far from the wellbore while most of the seismicity migrates

slowly away (Figure 3.4). This indicates that aftershocks may explain the occur-

rence of the observed distant events at Paralana.
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However, for the calibration of our model, we decide to discard the aftershock

model. While we know that aftershocks can explain the occurrence of the Paralana

distant events, we want to explore if poroelasticity alone can also account for those

events.

3.2 Application to the Paralana Dataset

Here, we present the calibration of the developed model to the Paralana dataset,

and the insight it provides on the importance and spatial distribution of poroe-

lasticity in seismicity triggering.

3.2.1 Calibration

The �rst step involves calibrating an FEHM reservoir model of the stimulation.

Fixing the injection pressure, we aim to match the evolving injection rate, which

increases due to improving permeability (Figure 2.2b). We model permeability

enhancement along a 140 m thick planar structure, but only 70 m of this struc-

ture are modelled because of the symmetries used. The stress regime at Paralana

is poorly constrained and may be either strike-slip or reverse. Here we assume

a strike-slip regime as a reverse stress regime would almost entirely prevent the

development of poroelasticity e�ects, and fail to reproduce key features of the seis-

micity cloud (see Section 3.2.2.1). We use the lower bounds for horizontal stresses

from Mildren et al. (2004) (see Section 2.2 and Table 3.2). The small volume of

cold �uid injected relative to the rock volume is found to not signi�cantly change

local reservoir temperature. However, this was made with the ECM assumption

that matrix and �uid are in thermal equilibrium, which may not be true in a DFN.

This will be explored further in Section 5.2.

All parameters can be found in Table 3.2. To calibrate the �ow simulation

model, we used the following parameters: initial permeability in the injection layer

κ0, permeability multiplier γ, excess shear stress at which maximum permeability

is reached, τex,γ , and horizontal node spacing, dr. Many �xed parameters are highly

uncertain: for example the stress gradients used are the lower bounds calculated

in Mildren et al. (2004), the stress regime may very well be reverse instead of

strike-slip, which would greatly a�ect the distribution of seismicity.

The best calibration of the evolving injection rate at Paralana is presented in

Figure 3.5. This is an ad hoc calibration, where the �t to datasets is estimated
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Figure 3.5: Well head pressure and injection rate observed in Paralana and in our
model (modi�ed from Ri�ault et al. (2016)).

visually. The model captures the onset of permeability enhancement (where in-

jection rate begins to increase) after one day, as well as the �nal �ow rate, but

fails to reproduce the linear increase in between. The total volume injected in

our simulation matches the total volume injected during the Paralana stimula-

tion. The onset of permeability enhancement is captured through a non-desirable

mesh-e�ect: pressure being averaged in each block, for injection at continuous pres-

sure, the time at which pressure increase is large enough to initiate permeability

enhancement is proportional to the block's volume. Our permeability model is not

able to properly reproduce the formation's behaviour during the Paralana stimu-

lation. This may stem from the numerous simpli�cations used, such as isotropic

permeability, incorrect �xed parameters, such as those parametrizing the stress

regime, or a failure to capture critical physical mechanisms. For those reasons, an

uncertainty study of the calibrated parameters seems super�uous, as the quality

of the calibration is not convincing.

Times and locations of generated events are constrained by the reservoir sim-

ulator results, but the number of events and their magnitude are generated by

a stochastic process. For this reason, every realization of the model is di�erent

and the speci�c features of a particular realization cannot be of much value. How-

ever, we can use the model to understand average trends in the seismicity. Our
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Table 3.2: Physics-based model parameters, calibrated parameters in bold

Parameters Value

Geometry parameters

Model horizontal extent, R 1,000 m
Model vertical extent, Z 1,000 m
Horizontal node spacing, dr 35 m

Vertical node spacing, dz 35 m

Injection parameters

Injection temperature, Tinj 189◦C
Injection pressure, Pinj 99.47 MPa

Temperature gradient, dTdz -0.042◦C m−1

Stress parameters

Vertical stress gradient, dσvdz -26.3 MPa km−1

Maximum horizontal stress gradient, dσHdz -35.2 MPa km−1

Minimum horizontal stress gradient, dσhdz -20.0 MPa km−1

Material parameters

Initial injection layer permeability, κ0 3.2×10−17 m2

Upper layer permeability, κup 10−20 m2

Porosity, φ 0.10
Young's modulus, E 25 GPa
Poisson's ratio, µPoisson 0.2
Density, ρ 2681 kg m−3

Biot coe�cient, β 0.7

Permeability model parameters

Friction coe�cient, fs 0.65
Cohesion, S0 0 MPa
Permeability multiplier, γ 50

Excess shear stress at which maximum 0.1 MPa

permeability is reached, τex,γ

Seismicity model parameters

Seismogenic density, k 2×10−6 MPa−1 m−3
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synthetic catalogue of seismicity is displayed on Figure 3.6b, compared to the cat-

alogue recorded in Paralana in Figure 3.6a. To obtain this catalogue, we used the

seismogenic density, k, to calibrate the number of events generated so that it is

similar to the number in the Paralana catalogue. Our model captures the migrating

seismicity front, the existence of distant events far from this front, and the swarms

of events when injection is restarted after a period of shut-in. Vertically, we also

see multiple small events being produced at shallower depth than the injection

layer (Figure 3.7a-b). The model fails to capture the spreading of events between

the well and the front: in the model most of the events are concentrated at the

front. The model also fails to replicate the large amount of seismicity occurring

after the last shut-in.

In the Paralana catalogue, distant events have a smaller magnitude (Figure

3.6a) and higher b-values (Figure 2.8d). To account for this, rather than using a

uniform b-value, we set it as a simple linear scaling between the observed range

of b-values and the relative excess shear stress variation values of our model,

b(node, t) = 2.5− ∆τex(node, t)

τex(node, 0)
(3.14)

This approach di�ers from the one used by Bachmann et al. (2012) as they set

the b-value as a function of di�erential stress, σd. However, implementing such

a model would not have resulted in the desired e�ect of reducing magnitude of

distant events, contrary to the dependence on relative excess shear stress variation

(Figure 3.6b). This dependence on excess shear stress may be explained by the

progressive increment in the size of fractures triggered as the ratio of shear stress

to e�ective normal stress increases.

Regarding permeability enhancement distribution, our model fails to replicate

real-life processes as our �t to the injectivity increase observed in Paralana is not

satisfying. It could be because we do not model a mechanism properly, such as our

lack of porosity change consideration. It may also happen because we ignore one

or several mechanisms that may be critical in EGS stimulations, such as tensile

opening. However, because we inject the right total volume in our simulation and

observe a correctly placed pressure front (Figure 3.6b and Figure 3.7b), poroelas-

tic stress changes should not be a�ected too much by this defect of our model.

Regarding seismicity, our match is much better. Mechanisms inducing MEQs seem

to be better modelled than those controlling hydraulic parameters evolution.
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Figure 3.6: Temporal distribution of seismicity relatively to distance from wellbore
for (a) the Paralana stimulation (b) our model with β=0.7 (c) our model with β=0
(modi�ed from Ri�ault et al. (2016)).
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Figure 3.7: Temporal distribution of seismicity relatively to depth for (a) the
Paralana stimulation (b) our model with β=0.7 (c) our model with β=0 relatively
to depth.
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3.2.2 Poroelasticity Study

Our good �t to the Paralana data suggests that we are able to reproduce some of

the real-life mechanisms from which induced seismicity originates. Assuming this

is the case, we can look at how the stress �eld is a�ected by the injection of water

in the reservoir, and how the modelled spatio-temporal evolution of the seismic-

ity compares to reality. In Section 3.2.2.1, we discuss the generation of distant

events in the model caused by stress variations. In Section 3.2.2.2, we consider the

importance of poroelasticity versus hydroshearing in triggering shear failures and

their contribution in and out of the injection layer to the total seismicity rate. In

Section 3.2.2.3, we investigate the impact of the orientation of the stress �eld on

the poroelastic stress changes within the injection layer.

3.2.2.1 Distant events

We ran another simulation with a Biot coe�cient set to β=0, which means that

poroelastic stress changes are not accounted for. We compared the generated syn-

thetic catalogues of microseismicity in Figure 3.6 and Figure 3.7. We observed no

distant small events and events above the injection plane without poroelasticity.

This is because there are no stress changes anywhere in the model and excess

shear stress is only a�ected by changes in �uid pressure. The inclusion of poroe-

lastic e�ects in our model is necessary to account for sparse events at distances

much further than the main seismicity front and away from the plane of injection,

as is observed at Paralana.

Here we did not include the ETAS model simulating aftershocks and also suc-

cessfully reproduced the smaller events observed in the Paralana catalogue (Figure

3.4). This illustrates the problem of equi�nality exposed in Section 1.3: di�erent

models, with di�erent physics included, are able to replicate the same dataset. It

is impossible to discriminate between those which re�ect the most real-life pro-

cesses based solely on our modelling e�orts. However, the lack of clustering in our

induced seismicity catalogue (see Section 2.2), and the doubt about importance of

aftershocks in other EGS stimulation induced seismicity catalogues (Langenbruch

et al., 2011) compared to the more acknowledged impact of poroelasticity (Segall

and Lu, 2015) lead us to prefer poroelasticity to aftershocks as the mechanism

responsible for small distant events.
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Figure 3.8: (a) Hydroshearing fraction distribution among generated events in the
model, and (b) vertical distribution of generated events.

3.2.2.2 Dominant mechanism

To identify the triggering mechanism producing shear failures, we de�ne the hy-

droshearing fraction, ν, the fraction of excess shear stress gain caused by pressure

increase

ν =
fs∆P

∆τex
. (3.15)

If there is no pressure increase, then ν=0, and the triggering mechanism is purely

poroelastic. If fs∆P is equal to ∆τex, then ν=1, and stress changes have no im-

pact on the excess shear stress and hydroshearing is the dominant mechanism.

Hydroshearing fraction values 0<ν<1 denote a mixed mechanism (no relation to

the mixed mechanism described by McClure and Horne (2014) and mentioned
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in Section 1.2.2): shear failure is caused by a combination of poroelasticity and

hydroshearing. Hydroshearing fraction can be higher than 1 if excess shear stress

variation caused by poroelastic e�ects is inhibiting to shear failure, but still over-

come by pressure increase. This can happen if poroelastic stresses increase normal

stress and decrease shear stress on the faults (see Fig. 3.9).

In Figure 3.8 we show hydroshearing fractions for the mean distribution of

modelled events. The averages are obtained by summing the deterministically

obtained Poisson parameters λPoisson(node, t) (see Equation (3.8)), therefore the

hydroshearing fraction does not depend on the stochastic part of our approach.

Our model indicates that hydroshearing is the dominant triggering mechanism,

although predominantly poroelastic events represent 39% of the total synthetic

catalogue. However, if only the injection layer is considered, dominant poroelastic

events account for only 9% of all MEQs. Most poroelastic events occur above the

injection layer. If the entire domain is modelled, it seems essential to include the

poroelasticity mechanism in order to reproduce features of the Paralana catalogue.

But if only the injection layer is modelled, neglecting poroelasticity has much less

impact.

3.2.2.3 Directionality

Here, we focus on the impact of poroelasticity on the timing and directionality

of the induced seismicity distribution relative to the orientation of the principal

stresses. According to Equation (1.12), excess shear stress depends on the max-

imum and minimum principal stresses, which in a strike-slip stress regime are

the two horizontal principal stresses. Equation (1.7) tells us that those stresses

are modi�ed by strains that arise from changes in pressure. Figure 3.9 illustrates

where we can expect to see such changes relative to the pressure plume and the ori-

entation of the stress �eld. Injection and pressure relaxation during shut-in induces

stresses that are radial with respect to the centre of injection. Thus, considering

their superposition with the principal stresses, the relative stabilizing versus desta-

bilizing e�ect will depend on the azimuth about the injection well. We expect to

see shear failure in the minimum principal direction during injection, and in the

maximum principal stress direction after shut-in, while shear failure is inhibited

in the maximum, and then minimum principal stress direction respectively.

As in Section 3.2.2.3, we compare results for two models with β=0.7 and β=0.

We �rst look at the distribution of di�erential stress changes at the end of the last
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Figure 3.9: Sketch outlying the e�ect of poroelasticity induced di�erential stress
changes, their e�ects on faults and their associated Mohr circles (a) during injec-
tion and (b) after shut-in (modi�ed from Ri�ault et al. (2016)).
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Figure 3.10: Horizontal slices of di�erential stress variation contours at the end
of the �nal injection phase for (a) β=0.7 and (b) β=0. The maximum principal
stress is parallel to the y axis, while the minimum principal stress is parallel to
the x axis. Modi�ed from Ri�ault et al. (2016).

injection phase in Figure 3.10. The results are consistent with the theory; we see

the di�erential stress variations in the predicted directions for β=0.7, and none

for β=0. We plot the positive excess shear stress variation time space distribution

and the mechanism from which it originates (using hydroshearing fraction de�ned

in Equation (3.15)) along the two axes parallel to the maximum and minimum

principal stresses on Figure 3.11. During injection, there is a poroelasticity con-

tribution in the maximum principal stress direction (Figure 3.11c). After shut-in,

the poroelasticity contribution is concentrated along the minimum principal stress

direction (Figure 3.11a). This was proposed in Segall and Lu (2015) as a possible

source for spikes in post shut-in seismicity rate, however here it is not su�cient to

replicate the sustained post shut-in seismicity rate observed in Paralana (Figure

3.6). Thus in our model, the preferred region for poroelastic triggering of seis-

micity depends on the relative position of the pressure plume, the orientation of

the principal stresses, and whether stimulation is in an injection or shut-in phase.

Our results are consistent with those of Segall and Lu (2015) who show that dur-

ing injection, fractures along the maximum principal stress are stimulated, while

fractures along the minimum principal stress are inhibited (and the opposite after

shut-in). We can conclude that our model successfully captures the poroelastic

e�ects in regards to stress orientation within the injection layer.

We then compare our synthetic microseismicity catalogue for the case β=0.7
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Figure 3.11: Spatio-temporal plot of excess shear stress variation in the model,
with colour re�ecting the dominant mechanism, for (a) β=0.7, along the minimum
horizontal stress direction, (b) β=0, along the minimum horizontal stress direction,
(c) β=0.7, along the maximum horizontal stress direction, (d) β=0, along the
maximum horizontal stress direction. Distances are taken from the injection point.
Modi�ed from Ri�ault et al. (2016).

with the seismicity induced at Paralana (Figure 3.12). To make the comparison

easier we collapsed the events in an equivalent one quarter section. The Paralana

catalogue has been reoriented so that the assumed maximum principal stress ori-

entation at N97◦E is now parallel to the y axis (notwithstanding that this orien-

tation is poorly constrained). As expected from Figure 3.11, in the model, more

events are generated in the maximum principal stress direction during injection,

and slightly more are generated in the minimum principal stress direction after

shut-in (Figure 3.12). Post shut-in events in the maximum principal stress direc-

tion are not completely inhibited as the pressure plume continues its expansion.

In Paralana (Figure 3.12), it seems that slightly more post shut-in events are gen-

erated in the minimum principal stress direction, as observed in the model that

includes poroelastic stress changes, but the evidence is inconclusive. It is possible

that the expanding pressure front makes poroelastic e�ects second order. Other
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Figure 3.12: (a) Horizontal slice of di�erential stress variation contours at the end
of the �nal injection phase for β=0.7 (b) Spatial distribution of the hypocentres
of the synthetic seismic catalogues for β=0.7. The red and blue shaded ellipses
correspond schematically to similar zones of poroelastically enhanced and reduced
di�erential stress in (b). (c) Spatial distribution of the hypocentres of the seismic
catalogues observed at Paralana, with all the events collapsed in one quarter, and
categorized according to their timing: during injection or after shut-in. Modi�ed
from Ri�ault et al. (2016).

factors can a�ect the distribution of the seismic events that are not considered in

the model, such as the distribution of the existing fractures or heterogeneities in

rock properties. Poroelasticity may also simply not be an important enough mech-

anism in earthquake triggering within the injection layer to detect its impact on

directionality, a hypothesis supported by the conclusions of the previous section.

3.3 Conclusions

We developed a physics based model in order to replicate hydraulic parameter

changes and induced seismicity observed at Paralana. Both are based on shear

failure and the Mohr Coulomb criteria, but are not entirely correlated as induced

seismicity is triggered for smaller stress and pressure changes than permeability

enhancement. Our model simulates shear failure caused both by poroelasticity and

hydroshearing. Tensile fracture/opening is not considered, and porosity changes

are not modelled. Thermally induced shear failures are theoretically included, but

the ECM assumption of thermal equilibrium between �uid and matrix prevents

any signi�cant rock cooling to occur in our model. Aftershocks are included tem-

porarily as a statistical model a�ecting only induced seismicity.
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This model is not able to recover injectivity evolution observed during the Par-

alana stimulation. Permeability must be a�ected by a mechanism not considered

here or not properly modelled. On the other hand, our synthetic seismicity cata-

logue replicates most of the Paralana stimulation induced seismicity distribution

features, except azimuthal e�ects. Indeed, the migration of events approximately

400 m away from the wellbore at the end of the stimulation and the apparition

of distant events in the �rst hours of the stimulation are successfully reproduced.

While both the inclusion of poroelasticity or aftershocks can reproduce distant

events triggered above the plane of injection observed at Paralana, illustrating the

problem of equi�nality, modeller insight makes us determine that poroelasticity

is the more likely mechanism. By analysing closely its impact on our synthetic

catalogue, we determine than poroelasticity induced events are dominant above

the injection layer, but do not impact signi�cantly seismicity spatio-temporal dis-

tribution within this layer.

Our focus will now switch to improve our understanding of the physics be-

hind permeability development within the injection layer. To do so, we develop

an empirical framework where seismicity is used to determine permeability en-

hancement timing and location, and thus gain insight on its origins. We now know

that seismicity within the injection layer is by far dominated by hydroshearing.

This means that with poroelasticity and aftershocks out, induced seismicity in the

injection layer is dependent only on pressure changes.





Chapter 4

Hypocentre Density

We now know from Chapter 3 that induced seismicity carries quantitative in-

formation about pressure change in the injection layer. We also know that the

pressure distribution depends on the hydraulic parameters and their changes. In

the next three chapters, we develop an inversion procedure to infer those changes.

We express the relationship between permeability, κ, pressure, P , and seismicity,

parameterized as the volume density of earthquake hypocentres, n

κ = h(x, t; Θ), P = g(κ; Ψ), n = f(P ; Φ) (4.1)

where x is spatial position, t is time, Θ, Ψ and Φ are parameter vectors, and

h(· ), g(· ) and f(· ) parameterize permeability evolution, reservoir simulation, and
induced seismicity triggering, respectively. Note that x and t dependence of g(· )
and f(· ) is implied. Therefore, we can express forward and inverse models that re-
late seismicity and permeability evolution, using �uid pressure as an intermediary

term, as

n = f
(
g(κ)

)
, κ = g−1

(
f−1(n)

)
(4.2)

where the parameter vectors have been omitted for clarity. The quanti�cation of

seismic activity is the hypocentre density term, n, and f(· ) is its relationship to

pressure changes. We consider two geometries for the inversion, a 1D radial ge-

ometry and a two-dimensional geometry, however both assume injection into, and

earthquake triggering within, a planar volume. In the radial geometry problem,

the spatial position can be expressed as x = [r], with r the radial distance from

the well in the 2D plane of �uid �ow. In the two-dimensional problem, the spatial

position is expressed in Cartesian coordinates centred on the well in the 2D plane

of �uid �ow, x = [x, y]. Di�erent generic forms for h(· ) will be proposed in Sec-

tion 5.2 and Section 6.2 for the two geometries respectively. The full parameter

85
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set is Ω = [Θ,Ψ,Φ]. To complete the inverse problem, we need to calibrate this

parameter set so that our model does a reasonable job replicating the observations.

In this chapter, we de�ne hypocentre density and its calculation method for two

geometries (Section 4.1). We then propose an expression for f(· ) (Section 4.2),

which uses two parameters, critical pressure, ∆Pcrit and proportionality factor

between pressure increase and MEQ triggering, k. This expression is supported it

with the analysis of our EGS dataset radial hypocentre density pro�les (Section

4.3), where values of those parameters are estimated for Habanero.

Work presented in this chapter is partly drawn from a paper submitted to

Journal of Geophysical Research in December 2017 and published in August 2018

(Ri�ault et al., 2018). Some results and text included in this chapter are largely

unchanged from the published version as permitted by the University of Auckland

under the 2011 Statute and Guidelines for the Degree of Doctor of Philosophy

(PhD). Co-authors of this work Dr David Dempsey, Dr Satish Karra and Dr

Rosalind Archer advised and commented on the manuscript, however the bulk of

the research and preparation for publication was undertaken by the thesis author

(see accompanying declaration).

4.1 De�nition and Calculation

The triggering of any particular earthquake is a consequence of complex nucle-

ation processes (Rubin and Ampuero, 2005), which are sensitive to heterogeneities

in both material properties and stress (Ben-Zion and Rice, 1995). These hetero-

geneities are, for all practical purposes, unknowable ahead of time. Thus, on its

own, a single earthquake � when described only as a hypocentre position and a

triggering time, as for the catalogues considered in this study � carries limited

information about the particular in situ conditions where it nucleated. However,

when we average over large numbers of earthquakes, we also average over the het-

erogeneity, and obtain a more meaningful measure of seismic activity. We thus

arbitrarily construct volumes and calculate the average hypocentre density occur-

ring before a certain time. Another method that has been proposed to deal with

MEQs inherent randomness is kernel density estimation, as was done by Tarrahi

and Jafarpour (2012); Tarrahi et al. (2015). We have not investigated this method.

In our analysis, we are primarily concerned with the cumulative hypocentre

density, n. Following Dempsey et al. (2016), we de�ne this quantity as the to-

tal number of earthquake hypocentres occurring per unit area of the injection
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plane prior to time, t. To compute hypocentre density, two uncertainties must be

considered: location uncertainty (Section 4.1.1) and Poisson uncertainty (Section

4.1.2).

4.1.1 Location Uncertainty

Because the location of each earthquake is not known precisely, we represent it

as a normal 3D spatial probability distribution centred on its calculated location.

Horizontal and vertical standard deviations of the distribution are the horizontal

and vertical location uncertainties respectively. Then, we divide the space into vol-

umes. The shape of the volumes depends on the chosen geometry for the analysis:

concentric shells centred on the wellbore for a one-dimensional radial geometry,

cubic volumes for a two-dimensional geometry. For each volume, n is computed

by integrating the probability density over the shell volume for all events occur-

ring before a time, t, and dividing by the volume area projected on the plane of

injection.

Two geometries are considered, and each, one-dimensional radial (4.1.1.1), and

two-dimensional (4.1.1.2), necessitate a di�erent calculation method of location

uncertainty.

4.1.1.1 One-dimensional Radial Geometry

This geometry assumes radial symmetry of seismicity, permeability enhancement

and pressure evolution around the injection well. Visual inspection of the seismic-

ity clouds for both datasets indicate some level of departure from radial symmetry

(Figure 4.1). Thus an inversion of permeability enhancement at best represents a

radially averaged solution. This approach prevents us from considering structural

heterogeneities such as potential �ow channelling caused by shear displacement

(Auradou et al., 2006), or heterogeneities in properties such as the stress distri-

bution (Valley and Evans, 2010). Still, it allows us to draw robust �rst order

conclusions (see Section 5.4.2 for an investigation of radial asymmetry on our

empirical inversion).

Each event in a catalogue has a position, [ri, zi] where ri is the distance from the

wellbore when the event is projected normally onto the injection plane and zi is the

distance between the event and the plane. The associated location uncertainties

are respectively σρi and σzi . We consider each event as a normal multivariate 3D
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Figure 4.1: Hypocentre density calculation method illustration for Habanero and
Paralana. a) and c) Horizontal MEQ distribution within the injection plane. b)
and d) contoured hypocentre density distribution where the distribution of MEQs
is represented as a spatial probability distribution. Modi�ed from Ri�ault et al.

(2018).

distribution centred on its given coordinates, with an axis normal to the injection

plane. The horizontal uncertainty, σρi gives the standard deviation for the two axes

within the plane, while the vertical uncertainty, σzi , gives the standard deviation

normal to the plane. We recognize that it is an approximation to equate horizontal

uncertainty with the plane of injection, as the plane is slightly sub horizontal.

A more accurate calculation would need to consider the resulting uncertainties

projected on the injection plane, with a correlation component when vertical and

horizontal uncertainties di�er. However, given that the plane is only slightly sub

horizontal (dip of 13◦ maximum for Paralana), we do not expect this simpli�cation

to skew signi�cantly our results.

For a given event, i, we integrate its normal multivariate distribution within

the annulus volume of a shell, s de�ned by its internal and external radii, R1 and

R2 respectively, and its upper and lower boundaries in the direction normal to the

injection plane, Z1 and Z2 respectively. We obtain the probability, psi ∈ [0 : 1] that
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an event, i occurred within a shell, s. To calculate the integral of a multivariate

normal distribution within an annulus, we take advantage of the symmetries re-

sulting from the previous assumption, and calculate separately pzi(Z1, Z2) ∈ [0 : 1]

the probability of the event to have occurred within an in�nite layer encompassing

the space between Z1 and Z2 and pri(R1), pri(R2) ∈ [0 : 1] the probabilities of

having event occurring within an in�nite cylinder of radius R1 and R2 respectively,

with psi = pzi(Z1, Z2) × (pri(R2) − pri(R1)). The probability of the event to be

within an annulus is calculated as the di�erence of the probabilities of the event

to be in the cylinder de�ned by the internal face of the annulus to the probability

of the event to be within the cylinder de�ned by the external face of the annulus.

pzi(Z1, Z2) =

∫ Z2

Z1

1√
2πσ2zi

e
− (z−zi)2

2σ2zi dz =
1

2

[
erf

(
Z2 − zi
σzi
√

2

)
− erf

(
Z1 − zi
σzi
√

2

)]
(4.3)

pri(R) =

∫∫
S

1

πσ2ρi
e
− ρ2

σ2ρi dS (4.4)

with S the projected surface of a cylinder of radius R and ρ is the horizontal

distance from the event location, used as the integration variable. If ri < R, the

integrated surface can be divided as a disk and a set of partial annuli (Figure

4.2a). While the integral can be calculated for the disk, the area covered by the

annuli is approximated by a Riemann sum over Nρ subintervals.

pr(R) =

∫ ρ1

0

1

πσ2ρi
e
− ρ2

σ2ρi 2πρ dρ+

∫ ρ2

ρ1

1

πσ2ρi
e
− ρ2

σ2ρi cos−1
(
r2i −R2 + ρ2

2riρ

)
ρ dρ

= 1− e
− ρ21
σ2ρi +

1

πσ2ρi

Nρ∑
iρ=1

e
− (iρ dρ+ρ1)

2

σ2ρi

(
r2i −R2 + (iρ dρ+ ρ1)

2

2riρ

)
(iρ dρ+ ρ1) dρ

(4.5)

where ρ1 = |R − ri|, ρ2 = R + ri and dρ = ρ2−ρ1
Nρ

. If ri > R, we only have the

second part of the integral in Equation (4.5) (Figure 4.2b)

pr =
1

πσ2ρi

Nρ∑
iρ=1

e
− (iρ dρ+ρ1)

2

σ2ρi

(
r2i −R2 + (iρ dρ+ ρ1)

2

2riρ

)
(iρ dρ+ ρ1) dρ (4.6)

At a speci�c time, t when Ne events above the magnitude of completeness,Mc

occurred in total, in a speci�c shell, s, we have a Poisson binomial distribution,

where each event, i has a probability, psi of occurring in this shell. The prob-

ability of j = 0, ..., Ne events to have occurred in the shell, s at the time, t is
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Figure 4.2: Schematic of the integration calculation method for two examples. In-
tegration is done over a cylinder, the probability of the event to be within the
annulus is obtained from the di�erence of two cylinder integrations with di�erent
radii. a) A MEQ occurring within an in�nite cylinder of radius R. b) A MEQ oc-
curring outside of the same cylinder. dρ is larger than the value used for illustration
purposes. Modi�ed from Ri�ault et al. (2018).

Plocs(K = j). The mean of this distribution is µlocs =
∑Ne

i=1 psi , and its variance

is σ2locs =
∑Ne

i=1(1 − psi)psi . Because it is computationally intensive to calculate

a binomial distribution for large n (we have 10,446 recorded events above the

magnitude of completeness during the Habanero stimulation), we approximate it

to a discretized normal distribution of mean µlocs and variance σ2locs . The depen-

dence of the distribution on σρi is illustrated in Figure 4.3. If mean and variance

are divided by the surface S = π(R2
2 − R2

1), we obtain an hypocentre density in-

cluding location uncertainty. But before we do that, we need to consider Poisson

uncertainty.

4.1.1.2 Two-Dimensional Geometry

The two-dimensional case is much simpler than the radial case, as we have to

integrate the normal multivariate distribution over rectangular boxes instead of
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Figure 4.3: Distribution of Plocs , the probability of j = 0, 1, 2 MEQs to have
occurred within a shell, s, in this example a disk of radius, R, considering an
example including only two MEQs of same location error. Each MEQ has a prob-
ability pri(R) to be within the disk. With the same location of the MEQs but
with di�erent location errors, σρ, for the scenarios (a) and (b), the e�ect on Ploc
is illustrated. Modi�ed from Ri�ault et al. (2018).

annuli. An event is now de�ned by a position, [xi, yi, zi], and horizontal and vertical

uncertainties σxyi and σzi , respectively. A volume is de�ned by a system of six

coordinates, [X1, X2, Y1, Y2, Z1, Z2]. The probability, psi ∈ [0 : 1] that an event,

i occurred within a shell, s is now psi = pxi(X1, X2) × pyi(Y1, Y2) × pzi(Z1, Z2),

where pxi , pyi , and pzi are expressed in Equation (4.3) and σxyi replaces σzi for

the terms pxi(X1, X2) and pyi(Y1, Y2). Similarly to previous section, we obtain a

Poisson binomial distribution, approximated to a discretized normal distribution

of mean µlocs =
∑Ne

i=1 psi and variance σ2locs =
∑Ne

i=1(1 − psi)psi for each volume

s. The volume area is S = (X2 −X1)(Y2 − Y1).

4.1.2 Poisson Uncertainty

A further source of uncertainty that we must account for is the aleatoric (random

process) uncertainty inherent in earthquake triggering. Consider the following ar-
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gument:

1. Induced earthquake triggering can be modelled as a Poisson point process

with a rate parameter, n proportional to the fault stressing rate (Dempsey

and Suckale, 2017). A Poisson distribution is a discrete probability distribu-

tion expressing the probability of a given number of events to occur if they

follow a constant rate and independently of the time since the last event.

According to a Poisson point process, the number of triggered events is a

random variable with a Poisson distribution. A Poisson point process is said

to be non-homogeneous if the rate parameter is not constant with space,

and homogeneous otherwise.

2. We take the surface S of average constant rate parameter n. The number of

triggered earthquakes, N ′, depends on a then homogeneous Poisson process

of parameter λ = n×S. This number can be the closest integer to λ = n×S,
say, N ′i , but there remains a �nite probability that it could in fact be N ′i + 1

(or N ′i + 2, or N ′i − 1 if N ′i > 0, etc.).

3. Flipping this argument around, if N earthquakes happen to be observed,

this implies that the most-likely rate parameter causing those events is n′ =

N ′/S. However, it is not possible to rule out other values smaller or larger

than N/S. In fact, the implied distribution for N ′ is a Poisson distribution

of parameter λ = N ′, then divided by the surface, S to �nd the distribution

of n′.

The average mean of the recovered n′ distribution is then n×S
S = n, and its

average standard deviation is
√
n×S
S =

√
n
S . As the surface S increases, and with it

the number of observed events on average, the uncertainty decreases with 1√
S
. An

illustration example for n = 1 MEQ m−2 is provided in Figure 4.4, where we see

the real value being better recovered and with a lower uncertainty as the surface

used for observation increases.

Therefore, there is trade-o� to be made between the level of discretization for

the volumes in which hypocentre density is calculated, and the uncertainty on

calculated hypocentre density values.

The Poisson uncertainty calculation is independent of the geometry chosen.

For each j = 0, ..., ne, we consider a Poisson distribution of parameter λ = j. The
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Figure 4.4: Poisson uncertainty dependence on discretization for a synthetic model
where di�erent surfaces are used to attempt to recover the true hypocentre density
value. Measured values are sampled from a Poisson distribution of parameter n×S,
and divided by the surface S.
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Figure 4.5: Impact of the inclusion of the aleatoric component on the distribution
of Plocs , the probability of j = 0, ..., 50 MEQs to have occurred within a shell, s,
illustrated for an arbitrary set of parameters (modi�ed from Ri�ault et al. (2018)).
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�nal probability distribution, Pfs , is:

Pfs(K = k) =

ne∑
j=0

PPoisson(λ = j, k)Plocs(j)

=

ne∑
j=0

jke−j

k!

1

2

[
erf

(
j + 1

2 − µlocs
σlocs
√

2

)
− erf

(
j − 1

2 − µlocs
σlocs
√

2

)] (4.7)

with k = 0, ...,∞. Pfs(K = k) is the probability that the number of MEQs most

representative of the physical changes that have occurred in shell s at time t is k.

The resulting hypocentre density ns(t) is obtained by dividing by the volume are

S,

ns(t) =
µfs

π(R2
2 −R2

1)
=

∑∞
k=0 kPfs(K = k)

S
. (4.8)

We approximate
∑∞

k=0 to
∑Ne+2d

√
Nee

k=0 , or two standard deviation of the Poisson

distribution centred on j = Ne plus Ne. Similarly, the standard deviation is:

σns(t) =
σfs

π(R2
2 −R2

1)
=

√∑∞
k=0 Pfs(K = k)

(
k − µf

)2
S

(4.9)

where for computational reasons we calculate the sum only up to Ne + 2d
√
Nee.

The coupling of the Poisson uncertainty with the previously calculated location

uncertainty has the e�ect of widening the probability distribution (Figure 4.5).

4.1.3 One-dimensional Radial Geometry Synthetic Models

To test how well our method recovers hypocentre density distribution and quan-

ti�es its uncertainty, we construct synthetic earthquake catalogues from a known

hypocentre density distribution and apply the calculation presented previously.

We test the impact of the inclusion of location error, of the catalogue size, and of

the annulus thickness of the calculation shells.

We imagine a hypocentre density pro�le, n, dependent on the distance from

wellbore, r, according to,

n(r) =


nmax

(
1−

ln

(
r
r0

)
ln

(
rmax
r0

)), r0 ≤ r ≤ rmax

0, r > rmax

 (4.10)
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where we take r0=1 m and rmax=400 m and nmax is a parameter to which

the average number of produced MEQs is proportional. Two cases are considered,

nmax=2.8×103 MEQs km−2 and nmax=28.0×103 MEQs km−2, which generate on

average a total of 100 and 1,000 MEQs respectively.

We will produce again radial synthetic earthquake catalogues in Section 5.4,

but then hypocentre density will be derived from our modelling e�ort, and will

not follow a speci�c relationship with distance as in Eq (4.10). Therefore, we now

assume that while we know hypocentre density evolution with distance, we do not

possess its analytical expression.

The distribution of triggered earthquakes produced by such hypocentre density

pro�les depends on a non-homogeneous Poisson point process, as seismicity rate

is not uniform in space. To create a synthetic catalogue from this distribution,

we divide space in annuli of thickness dr, small enough to assume a constant

hypocentre density, and thus that a homogeneous Poisson process simulates the

earthquake triggering in each annulus. In each annulus, delimited by inner and

outer radiuses r1 and r2 respectively, we take the average hypocentre density

which we can approximate to n( r1+r22 ). Given that Equation (4.10) would not be

known in principle, this rate can be interpolated from modelled values. For each

volume, we sample the number of triggered MEQs from a homogeneous Poisson

distribution of parameter n( r1+r22 )× π(r22 − r21). For each earthquake we assign a

radius

rMEQ =
√
ε(r22 − r21) + r21 (4.11)

where ε is randomly generated according to a uniform distribution within [0, 1[.

This guarantees a uniform distribution within the annulus surface. If the location

error is included, we generate a random angle ζ ∈ [0, π] and a random distance,

rloc, sampled from a normal distribution of mean 0 and standard deviation σρ.

The new distance to the wellbore is then

rMEQ,loc =
√
r2MEQ + 2rMEQrloc cos(ζ) + r2loc (4.12)

We do not assign a magnitude to these events, as it has no impact on hypocentre

density calculation.

Here we generate stochastically a total of four catalogues, all according to

our relation Eq (4.10), of which characteristics are recorded in Table 4.1. We

consider two catalogue sizes and create two catalogues for each, with and without
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Table 4.1: Radial synthetic catalogues parameters

Catalogue # 1 2 3 4

σρ [m] 0 0 100 100
nmax [10

3 MEQs km−2] 2.8 28.0 2.8 28.0
NMEQs 110 1036 105 1050

the inclusion of location error. For a same nmax, catalogue size, NMEQ, can be

di�erent as it depends on a stochastic process. We then use our hypocentre density

calculation methods for two sets of shells, one with a shell thickness dR=50 m

and the other with dR=100 m. A total of eight hypocentre distribution are thus

calculated. We assume that the location error value used to generate the catalogues

is exactly known and can be used for inversion. The results are compared to the

real hypocentre density values, whose average is calculated for every shell delimited

by inner and outer radius R1 and R2 according to

n(R1, R2) =
2

π(R2
2 −R2

1)

∫ R2

R1

n(r)rdr. (4.13)

For the four catalogues generated our hypocentre density uncertainty calcu-

lation is successful as the real value is always within the 2σ interval (Figure 4.6

and Figure 4.7). Unsurprisingly, uncertainty is higher for smaller catalogues and

smaller bins, as the number of MEQs available for each individual shell hypocentre

density calculation is less. However, the uncertainties calculated when location er-

ror is included are only moderately increased compared to the cases where location

error was not. Poisson uncertainty dominates calculations in those cases.

The discretization must be chosen accordingly to the trade-o� we want to

make between number of observations and uncertainties. This choice is a�ected

by location error and catalogue size. A larger catalogue and smaller location error

allow to select a thinner discretization while keeping uncertainties at a similar

level.

4.2 Pressure Seismicity Relationship

We now consider the f(· ) parameterization, the relation linking hypocentre density
to �uid pressure. At a critical pressure increase within a fracture, ∆Pcrit, the

Mohr Coulomb criteria is satis�ed and the fracture enters a �rst shear failure,



Pressure Seismicity Relationship 97

Figure 4.6: Radial hypocentre density recovery for catalogues #1 and #2 (see
Table 4.1), where location error is not included.

lowering the shear stress by ∆τ . As pressure increases above this value, fractures

repeatedly enter shear failure (see Section 1.2.1 and Figure 1.3). The number of

events triggered this way thus depends on the pressure increase over the critical

value, ∆P −∆Pcrit, and shear stress drop, ∆τ . Average stress drop is assumed to

be independent of �uid pressure. However, it may still depend on other factor such

as e�ective normal stress, but if that is the case, stress drop will remain order of

magnitude constant until the tensile failure limit is approached (Dempsey et al.,

2016). Therefore, the number of events triggered by hydroshearing is assumed to

be approximately proportional to the pressure increase over and above the critical

value ∆P −∆Pcrit. The proportionality relationship can then be written

n =

{
0, ∆P < ∆Pcrit

k(∆P −∆Pcrit), ∆P ≥ ∆Pcrit

}
(4.14)

with k the proportionality factor between pressure increase and MEQ triggering,

as de�ned in Dempsey and Suckale (2017). Note, k is an empirical coe�cient that

accounts for factors in�uencing earthquake triggering, e.g., fracture density, event

detection threshold, degree of seismic versus aseismic slip. Its value is obtained
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Figure 4.7: Radial hypocentre density recovery for catalogues #3 and #4 (see
Table 4.1), where location error is included and σρ=100 m.

through calibration. The factor k is strongly sensitive to the magnitude of com-

pleteness,Mc, which sets the detection threshold for seismicity. Equation (4.14) is

valid only as long as ∆P was not exceeded at an earlier time, a behaviour some-

times referred to as the Kaiser e�ect (Baisch et al., 2006). Thus, Equation (4.14)

becomes

n =

 0, max
[
∆P (t0, .., t)

]
< ∆Pcrit

k(max
[
∆P (t0, .., t)

]
−∆Pcrit), max

[
∆P (t0, .., t)

]
≥ ∆Pcrit

 (4.15)

The parameter set controlling f(· ) is then Φ = [k,∆Pcrit]. Equation (4.15) will not

be accurate when seismicity is dominated by mechanisms other than hydroshear-

ing, e.g., thermal contraction e�ects near the wellbore. The factor k is probably

of heterogeneous distribution, however we shall assume that an average value for

the reservoir can be used and does not change over the course of the stimulation.

An alternative approach is to use cumulative seismic moment or fault slip in-

stead of hypocentre density as a proxy for �uid pressure. For instance, Baisch
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et al. (2009) and Rothert and Baisch (2011) used the cumulated slip displace-

ment during stimulation of Habanero to infer directly the extent of the stimulated

reservoir, assuming correspondence between induced seismicity and permeability

development. However, for the stimulations we have investigated, catalogues are

dominated by a handful of large events, which reduces the usefulness of spatial

averaging. Mapped b-values are constant in the injection planes (Figure 2.8c-d),

meaning that magnitude distribution is uniform and does not provide additional

information. Furthermore, there is little evidence that the size of an event carries

much information about in situ pressure conditions, whereas its hypocentre loca-

tion and timing certainly do: in this sense, large and small earthquakes contain

equal information. A notable exception to this is the ongoing discussion around

the maximum magnitude induced earthquakes, where the very largest events may

carry information about the dimensions of the stimulated volume (Shapiro et al.,

2011), the crustal stress state (Goertz-Allmann and Wiemer , 2013; Dempsey et al.,

2016), or a combination of those two elements (Galis et al., 2017).

4.3 Radial Hypocentre Density Pro�les for Habanero

and Paralana

We �x the annulus thickness of the concentric shells at 50 m, which corresponds

closely to the average horizontal location uncertainty for both catalogues. As the

Habanero catalogue is larger, we could have selected thinner shells for this one,

or larger shells for Paralana, to maintain constant uncertainties for both analysis.

However, we prefer to keep the same discretization to make comparison between

the two easier. Radial pro�les of cumulative hypocentre density are computed at

times step 1,.., step 3 (Figure 4.8a), and times t1,..,t4 (Figure 4.8b) for Habanero

and Paralana respectively.

4.3.1 Habanero

Although each pro�le is di�erent, there is a characteristic shape to each of them

from which we infer two behaviours (Figure 4.8a): (1) Near the wellbore, for

r < rd=300 m, n is approximately constant; (2) at distances greater than rd, n

decreases logarithmically. These two behaviours motivate a piecewise radial model

for n of the form

n =

{
nmax, r < rd

nmax − λ ln( rrd ), r ≥ rd

}
(4.16)



100 Hypocentre Density

Figure 4.8: Radial hypocentre density pro�les calculation times for (a) Habanero
(step 1,.., step 3) and (b) Paralana (t1,..,t4) relative to injection parameters. In-
jection layer earthquakes spatio-temporal distribution for (c) Habanero and (d)
Paralana. For Paralana, MEQs located above the injection layer are �ltered out,
removing MEQs away from the front observed in Figure 2.4d.

In the near-wellbore region, where n = nmax is a constant, our hypothesis is that

this re�ects a region of constant pore pressure increase. Furthermore, given the

connectedness of this region to the wellbore, the equilibrated pressure increase

should be approximately the same as the downhole injection pressure. With each

increase of the injection pressure, there is a corresponding increase of hypocentre

density. Fitting a model of the form (4.16) to each hypocentre density pro�le yields

an estimate of nmax at each stimulation step. It implies that the permeability

within this region is high, consistently with the model of a large stimulated fracture

proposed by Baisch et al. (2006). There appears to be a linear correlation between

nmax and the average injection pressure at each stage (Figure 4.9b), which is

consistent with the hypothesized relationship Equation (4.15). The best �tting

straight line to these data yield an estimate for the parameters Φ: k = 280 events

km−2 MPa−1 and ∆Pcrit = 4.6 MPa.
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Figure 4.9: hypocentre density pro�les for (a) Habanero at the end of the steps
1, 2a, 2b, 3, and 4 speci�ed in Figure 2.2a, and Paralana at times t1, t2, t3, and
t4 speci�ed in Figure 2.2c, with model presented in Equation (4.16). (c) Best �t
hypocentre density model presented in Equation (4.15) for stabilized injection
pressure stages at Habanero for each step against the average pressure during
that step (modi�ed from Dempsey et al. (2016)). (a) and (c) are plotted on a
logarithmic scale on their horizontal axis, and thus do not start at 0. Error bars
on (b) are computed using Markov Chain Monte Carlo method. Modi�ed from
Ri�ault et al. (2018).
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Beyond the constant n region (r > 300m), seismicity density and, by infer-

ence, �uid pressure, decay logarithmically (Figure 4.9a). This is consistent with

radial pore pressure di�usion from a constant source, which in this case is the con-

stant pressure region r < rd. From mass conservation, the steady two-dimensional

pressure distribution for a hollow cylinder with inside transition radius, rd at

overpressure, ∆Pmax and outside radius, R at initial pressure, assuming uniform

di�usivity/permeability, is given by (Carslaw and Jaeger , 1959)

p =
∆Pmax ln(R)

ln( Rrd )
− ∆Pmax

ln( Rrd )
ln(r) (4.17)

This solution implies a uniform permeability in the volume r > rd, which may not

be reasonable if permeability enhancement is taking place. Nevertheless, Dempsey

et al. (2016) was able to replicate this kind of inferred pressure response using a

simpli�ed, two-permeability step model to represent the stimulated and unstimu-

lated rock. This furthermore implies the presence of high permeability for r < rd,

which is consistent with the model of a large stimulated fracture proposed by

Baisch et al. (2006).

The model introduced in Equation (4.15) was proposed by Baisch et al. (2003),

where it was derived from the features of induced seismicity observed at the KTB

experiment in Germany: (i) that source mechanisms indicate pore pressure in-

crease is the triggering factor; and (ii) detected multiplets attest to the occurrence

re-shearing. However, in that study, the stress drop was not assumed constant,

and therefore no proportionality relationship could be established between pore

pressure and cumulative seismicity. A di�erent model was introduced by Shapiro

et al. (2011), in which ∆Pcrit is not constant but randomly distributed between

two extreme values, and where no re-shearing occurs. This model is based on re-

sults obtained from three EGS stimulation datasets (Rothert and Shapiro, 2007).

The model implies proportionality between event probability and pore pressure in-

crease. In our study, the proportionality relationship expressed in Equation (4.15)

is backed by the analysis of the evolving induced seismicity distribution observed

during the Habanero stimulation. Two lines of evidence are presented: (i) a linear

correlation between nmax in the near-wellbore region and the average injection

pressure at each stage; (ii) logarithmic decay of hypocentre density beyond the

constant n plateau, correlating with the expected pressure �eld. Additionally, this

validation of the presented model implies that stress drop is constant, at least for

the range of events that occurred during the Habanero stimulation.
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4.3.2 Paralana

Pro�les of hypocentre density at di�erent times during the Paralana stimulation

do not present a plateau as in Habanero, probably because of the absence of a large

pre-existing permeability structure. Instead, they indicate primarily logarithmic

decay of hypocentre density with distance from the wellbore (Figure 4.9c). Like

Habanero, this is consistent with a �ow regime that is assumed to be dominantly

two-dimensionally radial.

4.4 Conclusions

We presented the overall inversion method, relying on three relationships (Equa-

tion (4.1)), parameterizing a forward model where induced seismicity spatio-

temporal evolution is simulated from prescribed permeability change behaviour.

We introduce hypocentre density, a quanti�cation of seismic activity, which al-

lows us to extract broad features of the seismicity cloud distribution in spite of its

inherent discrete and aleatoric nature. This quantity is de�ned as the number of

recorded hypocentres per unit of area, as we only consider planar geometries. Spe-

cial attention is given to the calculation of hypocentre density uncertainty, result-

ing from two distinct elements, MEQs observation location errors, and Poissonian

nature of seismicity. Hypocentre density is calculated in volumes, according to two

di�erent discretization geometries: one-dimensional radial and two-dimensional.

The choice of discretization re�nement balances a trade-o� between number of

observation points and uncertainty amplitude: for a larger volume projected sur-

face, the hypocentre values are better constrained, but less calculated values are

available. Two average catalogue sizes, 100 and 1000 events, two radial shell thick-

nesses, 50 m and 100 m, and two average location errors, 0 m and 100 m, are

tested with synthetic datasets. All three parameters impact uncertainty and must

be considered when setting the discretization resolution.

We presented a f(· ) expression, where hypocentre density is proportional to

pressure increase above a critical value. It is supported by the analysis of the Ha-

banero hypocentre density radial pro�les and an understanding of Mohr-Coulomb

frictional failure, and is accompanied by the estimation of the two underlying

parameters, ∆Pcrit = 4.6 MPa and k = 280 events km−2 MPa−1.

In the next two chapters we develop the relations g(· ) and h(· ) for two di�er-
ent geometries, completing the inverse problem. We apply our inversion method
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to the Paralana and Habanero datasets for the one-dimensional radial and two-

dimensional geometries respectively.



Chapter 5

Radial Empirical Permeability

Inversion

Here we develop the radial version of our empirical inversion method. While radial

geometry neglects structural heterogeneities, it has a faster computation time than

a model with a more detailed two-dimensional geometry, allowing a better time

and space discretization, and a smaller parameter set Ω, leading to a more e�-

cient inversion. First we present the reservoir simulator which estimates pressure

distribution P as a function g(· ) of permeability κ (Section 5.1), and replicates

the 3.4 days of stimulation at constant injection pressure in Paralana. Second the

permeability empirical relationship h(· ) to radius and time is established (Sec-

tion 5.2). With the forward run description complete, the inversion method to

recover the parameter set Ω from available data is then introduced (Section 5.3).

Its robustness to parameter, observational, and structural errors is tested with

synthetic models (Section 5.4), before being applied to the Paralana dataset (Sec-

tion 5.5). From injection parameters and radial hypocentre density distribution

pro�les recovered previously in 50 m thick shells, radially averaged permeability

enhancement behaviour is recovered and stimulation success is quanti�ed.

Work presented in this chapter is drawn from a paper submitted to Journal of

Geophysical Research in December 2017 and published in August 2018 (Ri�ault

et al., 2018). Results and text included in this chapter are largely unchanged from

the published version as permitted by the University of Auckland under the 2011

Statute and Guidelines for the Degree of Doctor of Philosophy (PhD). Co-authors

of this work Dr David Dempsey, Dr Satish Karra and Dr Rosalind Archer advised

and commented on the manuscript, however the bulk of the research and prepa-
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Figure 5.1: Radial �ow simulation geometry, where the number of simulation
blocks modelled has been greatly reduced for illustration clarity.

ration for publication was undertaken by the thesis author (see accompanying

declaration).

5.1 Radial Reservoir Simulator

A groundwater �ow simulator plays the role of P = g(κ; Ψ), where Ψ is the vector

of parameters calibrated for inversion. Our simulations approximate radial �ow

and pressure build-up during a stimulation operation similar to that at Paralana

(Figure 2.2b). Governing equations of heat and mass transport in a porous medium

subject to Darcy �ow are solved using the code FEHM (see Section 3.1.1). A radial

geometry is assumed to represent the injection layer (Figure 5.1). We make sure

that gridding and time-stepping are �ne enough to not interfere with simulation

outputs. Uniform initial pressure and temperature are assigned throughout the

domain. Fixed model parameters are summarized in Table 5.1. The injection source

is modelled as a source with pre-set pressure and temperature pro�les, calculated

using a wellbore simulator (see Section 3.1.2) which accounts for heating of the

�uid in the 4.25 km deep borehole before it enters the formation. Zero heat and

mass �ow boundary conditions are enforced at all boundaries and we ensure these

are far enough from injection source that boundary e�ects are negligible.

As we assume that the majority of the space occupied by the �uid is within

the fracture network, we �x porosity, φ as a function of permeability, κ following
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Table 5.1: Radial simulation parameters

Parameter Value

Radius well 0.10 m
Outer radius 600 m
Annulus thickness 2 m
Depth 3800 m
Vertical thickness 140 m
Simulation time 3.4 days
Maximum time step value 0.025 days
Initial pressure 59 MPa
Initial temperature 190◦ C
Thermal conductivity 2.2 W m−1 K−1

Density 2681 kg m−3

Speci�c heat 2.0 kJ m−3 K−1

the cubic law (Landau and Lifshitz , 1987) (see Section 1.1.2)

φ(r, t) = φ0

[
κ(r, t)

κ(0, 0)

] 1
3

(5.1)

with φ0 the initial porosity. Initial porosity is the only parameter that is not

�xed during the calibration process, meaning that in our notation system we have

Ψ = [φ0]. We do not consider the impact of formation compressibility on porosity,

as its e�ect is found to be negligible on the simulation outcome.

A problem that arises when approximating a fracture network as an e�ective

porous media is heat transfer between �uid and rock matrix (Shaik et al., 2011).

When modelling a porous media, it is common to assume that �uid and rock for-

mation are in thermal equilibrium. In a fracture network, this is not always the

case as much of the matrix is thermally isolated from the �uid. This is important

when modelling injection because changes in �uid temperature a�ect the injectiv-

ity via the temperature-dependent viscosity and density (McLean and Zarrouk ,

2015). To determine the impact of this e�ect, we run models both with and with-

out matrix-�uid heat transfer e�ects (that is, maximum and zero bu�ering of the

�uid temperature). These limiting cases show that temperature-viscosity e�ects

have a less than 1% e�ect on the modelled �ow rate. Hence temperature e�ects

have no substantial impact on the inversion process.
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5.2 Radial Permeability Model Design

The idea of an empirical approach is to propose candidate models for κ, simu-

late their pressure prediction, and quantify the goodness of �t of each with the

observed seismicity, in an inverse modelling approach. To this end, it is useful to

parameterize a function that describes a broad range of time and space behaviour

for κ.

We introduce a function for permeability evolution of the form κ = h(r, t; Θ)

that depends on distance from the wellbore, r and time, t. Consistent with our

empirical description, permeability does not depend on pressure change, ∆P , stress

or temperature. The shape and time evolution of the permeability function is

controlled by six parameters, Θ = [α, β, γ, rmax, κ0, dκ]

rfront(t) = rmax

( t

tmax

)β
A(t) = (dκ− 1)

( t

tmax

)γ
κ(r, t) = κ0

(
1 +A(t)

[
1−

( r

rfront(t)

)α]) (5.2)

where rfront and rmax are the extent of the front of enhanced permeability at time,

t and time, tmax, respectively, A is the permeability enhancement at the wellbore

at time, t, κ0 is the initial permeability, and κ0×dκ is the maximum permeability,

which occurs at r = 0 and t = tmax. The parameter α controls the radial shape of

the permeability function, with α = 0 yielding a step function and α = 1 giving

a linear function (Figure 5.2a). The parameter β controls how the permeability

front propagates away from the wellbore, with β = 0.5 corresponding to a classic

di�usion pro�le (Figure 5.2b). The parameter γ controls how permeability mag-

nitude grows over time, with γ = 1 giving a linear increase (Figure 5.2c). Here we

do not consider models with reversible permeability increase, such as an elastic

process. Although this simple model cannot replicate every possible permeability

enhancement regime, it provides considerable �exibility when deriving a �rst-order

assessment of where and when permeability increases, and by how much.

Injectivity is a non-unique constraint on the permeability enhancement regime.

For instance, Figure 5.3 shows how two di�erent sets of parameters, Θ1 and Θ2

(Table 5.2), with a same initial porosity φ0=3%, lead to quite di�erent permeabil-

ity changes, but both nevertheless replicate the linear injectivity evolution that
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Figure 5.2: (a) κ against r and in�uence of α and κ0. (b) rfront against t and
in�uence of β and rmax. (c) A, the factor by which κ is multiplied, against t and
in�uence of γ and dκ. Modi�ed from Ri�ault et al. (2018).

was observed during the Paralana stimulation. Synthetic seismicity catalogues gen-

erated for both regimes using the relation expressed in Equation (4.15) and Pois-

sonian sampling (see Section 4.1.3) have approximately the same spatial extent.

To generate the seismicity, k=300.0 MEQs km−2.MPa−1 and ∆Pcrit=0.1 MPa are

used for both regimes. The only observations that distinguishes these two regimes

is the evolution of hypocentre density pro�les. Thus, in the regime parameterized

by Θ2, induced seismicity occurring in volumes not undergoing stimulation nev-

ertheless carries useful information that constrains the permeability enhancement

distribution as a whole.
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Figure 5.3: Spatio-temporal depiction of two permeability evolution regimes both
satisfying the linear injectivity increase observed at Paralana. Synthetic seismicity
catalogues are generated for both regimes using the relation expressed in Equation
(4.15) and Poissonian distributions and superposed over permeability contours.
Subplots depict hypocentre pro�les computed from those catalogues at times t1,..,
t4. (a) Parameter set Θ1 and (b) parameter set Θ2 (Table 5.2). Colour scales
di�erently for each plot, as initial permeabilities κ0 are di�erent. Modi�ed from
Ri�ault et al. (2018).

Table 5.2: Permeability model parameters producing the same injection rate in-
crease

Parameter Θ1 Θ2

α 1.09 1.00
β 0.50 0.88
γ 1.28 0.60
rmax [m] 400 50
κ0 [m

2] 8.13×10−17 2.0×10−16
dκ 13.2 6.6
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5.3 Inversion Methodology

Inverse modelling is data driven, and thus we need a quantitative method to

distinguish good and bad models on the basis of their correspondence with the

observations. We de�ne an objective function, θ, in Section 5.3.1. We describe how

we evolve the parameter set Ω automatically to maximise θ(Ω) using the Markov

Chain Monte Carlo method in Section 5.3.2.

5.3.1 Objective Function Calculation

We use a likelihood expression, which gives the relative probability that a particu-

lar set of parameters is correct given the observations. To construct our likelihood

expression, there are two sets of observations: injectivity changes measured at the

well and hypocentre density pro�les. We divide the stimulation into Nf regularly

spaced times and construct a least-squares residual at these for the comparisons

between the observed, q̄i and simulated �ow rate, qi.

We compute cumulative hypocentre density values for each shell, extending to

the outer radius of the model, at di�erent times ti, using the calculation method

developed in Section 4.1. This yields Ns hypocentre density values, n̄j , for com-

parison. The average simulated pressure in the same shell is used to construct

an equivalent hypocentre density, using the estimated parameters k and ∆Pcrit

(Equation (4.15)). The equivalent simulated hypocentre density nj in a shell s

de�ned by the radii R1 and R2, at time t is then

nj(t, R1, R2) =
2

R2
2 −R2

1

k

∫ R2

R1

rW (max
[
∆P

(
r, (t0, .., t)

)]
−∆Pcrit) dr

where W (x) =

{
0, x < 0

x, x ≥ 0

} (5.3)

As we integrate over an annulus, pressure values taken closer to the external

radius, R2 have a higher weight than those taken closer to the internal radius, R1.

For example, in the shell encompassing the volume within 50 m of the wellbore,

pressure readings from the �rst 5 m will account only for 1% of the pressure

value used to simulate hypocentre density in the same shell. Even if pressure

perturbations within the �rst few meters of the source are not correctly modelled

due to the exclusion of near wellbore e�ects, this will not signi�cantly a�ect our

results.
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An overall log-likelihood function ln(θ), depending on the augmented param-

eter vector Ω = [Θ,Ψ,Φ] = [α, β, γ, rmax, κ0, dκ, φ0, k,∆Pcrit], is

ln(θ(Ω)) = xf (Ω) + w × xs(Ω)

= −1

2

Nf∑
i=0

1

σ2q
(q̄i − qi)2 − w

1

2

Ns∑
j=0

1

σ2j
(n̄j − nj)2

(5.4)

where w is a weight that controls the trade-o� between �tting injectivity and �tting

seismicity, xf and xs are the injection rate and seismicity residuals respectively,

and σq is the injection �ow rate observation error, arbitrarily �xed at 1.0 kg s−1.

Our investigations show w = 1 to provide good performance for the Paralana

stimulation inversion, although this number may be di�erent in other situations.

5.3.2 Automated Inversion Method

The idea of calibration using a function θ(Ω) is that for the minimum θ value

obtained, θ∗, also called best �t, the corresponding parameter set Ω∗ is the closest

to a hypothetical real parameter set, Ω̄. However, because of observational error

and parameter error (see Section 1.3.1), this may not be true, Ω̄ may have a

theoretical �tness value θ̄ higher than θ∗. For this reason, rather than focusing

only on the most-likely parameter set, we try determine the region in parameter

space that yields models that reasonably �t to the data.

To this end, we use a Markov Chain Monte Carlo (MCMC) method. MCMC

explores the parameter space with walkers, each walker moving from one position

(a parameter set), to another. For each iteration of the MCMC, the algorithm

prescribes to each walker a new position, using for this the present ensemble of

walker positions and their �tness value, but not their path history. A new �tness

value is calculated for this new position, and if the new value is higher than

an acceptance threshold, the walker is moved to this position. The acceptance

threshold is usually set lower than the precedent walker objective function value

(here we use two times the original value, the objective function being always

negative), to allow walkers to move to slightly worse positions, and thus explore

the parameter space more thoroughly. In this way, after enough iterations, the

MCMC method yields posterior distributions for the nine model parameters Ω.

Our MCMC approach uses 200 walkers to explore the parameter space. We

set the initial position of the walkers, the initial sample of Ωinitial, randomly
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Table 5.3: Radial inversion parameters boundaries

Parameter initial initial prior prior

min. max. min. max.

φ0 0 10 0 10
α 0 10 0 +∞
β 0 10 0 +∞
γ 0 10 0 +∞
rmax [m] 0 600 0 600
κ0 [m

2] 10−18 10−15 10−20 10−15

dκ 0 102 0 105

k [MEQs.km−2.MPa−1] 0 5×103 0 +∞
∆Pcrit [MPa] 0 10 0 +∞

according to a uniform distribution between bounds given in Table 5.3. Our prior

distributions are uniform and in some cases unbounded. Walkers are not allowed

to leave those bounds. We use the Python package emcee (Foreman-Mackey et al.,

2013), an implementation of A�ne Invariant Markov chain Monte Carlo. A total

of 1,500 samples are run, which correspond to 300,000 forward runs of radial �ow

simulation. The �rst 1,000 samples are the burn in, during which the parameter

distribution converges to the posterior distribution. The last 500 samples represent

the posterior distribution of our nine parameters. We use this distribution to

compute simulated injectivity and seismicity distribution as well as prescribed

permeability pro�les. We extract the median value and the 16% and 84% quantiles,

corresponding to a one σ variation for each of those outputs.

5.4 Synthetic Models

To test the robustness of the developed inversion, we construct synthetic models.

We explore the sensitivity of the inversion to parameter and observational error in

Section 5.4.1 by evaluating the impact of the size of the seismicity cloud and the

average MEQ location error. In Section 5.4.2, we test the resilience of the inversion

to synthetic models with a non-radial geometry, thus studying the impact of a

speci�c structural error.

5.4.1 In�uence of the Seismicity Catalogue Characteristics

To produce a synthetic model we run a simulation with a set of "true" param-

eters (Table 5.4). All the other simulation parameters are given in Table 5.1. A
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Table 5.4: Radial synthetic models testing seismicity characteristics parameters

Model # 1 2 3 4

k [103 MEQs km−2 MPa−1] 2.42 2.42 0.242 0.242
NMEQs 1,005 966 94 104
σρ [m] 0 50 0 50

α 1.09 1.09 1.09 1.09
β 0.5 0.5 0.5 0.5
γ 1.28 1.28 1.28 1.28
rmax [m] 400 400 400 400
κ0 [10

−18 m2] 81 81 81 81
dκ 13 13 13 13
φ0 [%] 4.67 4.67 4.67 4.67

radial hypocentre density distribution at each time step is recovered. A synthetic

catalogue is created in the same manner as in Section 4.1.3, with or without lo-

cation error depending on which aspect of the inversion we are testing. Events

are assigned a random occurrence time within the time step from which pressure

increase originated according to a uniform distribution. Observed hypocentre den-

sity is calculated in the same manner as for the Paralana catalogue, using radially

symmetric shells, and for the same times t1,.., t4 (Figure 4.8). Injection is done at

constant pressure for 3.4 days, the length of the continuous pumping step during

the Paralana stimulation, and injection �ow rate is saved and used for calibra-

tion, with no observational error considered. We use Nf=69, as we will do for the

Paralana inversion later.

Four models are tested, with two average catalogue sizes and two location er-

rors tested. New hypocentre density distributions and catalogues are generated

for each model. Thus, the catalogue being generated by a stochastic process, two

models can share the same Φ = [k,∆Pcrit] parameters, but have a di�erent cata-

logue size, NMEQ. This is the case for models #1 and #2, or #3 and #4. The �rst

goal is to evaluate the success of the inversion and the range of returned parameter

distribution, and thus evaluate parameter error. The second goal is to understand

how observation parameters NMEQ and σρ, which are related to observation error,

a�ect the inversion success.

The returned posterior distributions for all nine parameters (Figure 5.4) show

that true values are recovered for all cases, even if they are at the extremity of

the distribution. Independently of the model considered, some distributions are
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Figure 5.4: Posterior distributions of the parameter vector Ω given by the MCMC
run for the four synthetic models (Table 5.4).
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Figure 5.5: Posterior distributions of inverted permeability regimes for the four
synthetic models (Table 5.4). The 16% and 84% quantiles of the posterior distri-
bution are plotted at the four di�erent times t1,..,t4 (Figure 4.8).

much more constrained than others. This re�ects parameter uncertainty: multiple

parameter combinations may be consistent with the synthetic catalogue and injec-

tion �ow rate. The posterior for κ0, γ, or dκ have a relatively narrow distribution,

meaning that fewer combinations of those parameters are able to produce a sat-

isfying �t. Their inverted values can be accepted with con�dence. On the other

hand, it seems that a wide range of α or β can deliver good �ts. Their estimation

is thus much less certain.

By comparing the posterior distributions of the four models, we can evalu-

ate the impact of catalogue size and average location error independently. This

analysis is done for just one parameter set, and only one catalogue is produced

for each of the four models studied, and results may change for other iterations of

this study. Nevertheless, the results indicate that the inversion appears reasonably

robust, notwithstanding that it is impossible to test every con�guration.

The parameters dκ and κ0 seem to be well constrained for all scenarios, in-

dependent of the seismicity catalogue characteristics. This may be because their
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calibration depends mostly on the �t to the wellhead injection pressure pro�le,

which is the same for all four models. Catalogue size strongly a�ects distribution

width for parameters α, rmax, ∆Pcrit, and φ0: it is narrower and more accurate for

the larger catalogues of models #1 and #2. Average location error in�uence on the

posterior distribution is less consistent. Porosity, φ0, is shifted to lower values for

catalogues including location error, models #2 and #4, as is the proportionality

factor between pressure increase and MEQ triggering, k.

Another important output of the inversion is the returned permeability regimes

and their range (Figure 5.5). The in�uence of seismicity catalogue characteristics is

evident: model #1, with the largest catalogue and no location error, does an excel-

lent job recovering the true permeability evolution scenario, with a narrow range

of solutions. Model #2 slightly overestimates the true permeability enhancement,

but keeps the range of solution narrow. On the other hand, models #3 and #4

have wider solution ranges, especially far from the wellbore. Model #4 narrowly

underestimates the correct extent of permeability enhancement at t = t4.

There can be some discrepancy between the assessed correctness of the in-

verted model if parameters Θ = [α, β, γ, rmax, κ0, dκ] (Figure 5.4) or permeability

regimes (Figure 5.5) are compared. This is because the empirical permeability

model (Equation 5.2) allows the production of very similar regimes with di�er-

ent parameter combinations. The permeability regimes are thus a better measure

of the inversion success than absolute parameter recovery. This, again, highlights

parameter uncertainty, and underlines the existence of correlations between those

parameters. Ideally, an empirical model should be free from such correlations. The

use of such model would make the inversion process more e�cient and faster, as it

would be necessary to recover less parameter combinations to construct the pos-

terior distributions. However, our empirical permeability model advantage is the

clear physical interpretation of its parameters.

The correlations of the posterior distributions are given by the covariance

matrices, Covi, which are, for each of the four models and the parameter vector

Ω = [φ0, α, β, γ, rmax, κ0, dκ, k,∆Pcrit],
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Cov1 =



0.002 −0.000 0.000 0.000 0.057 0.003 −0.001 0.001 0.016

−0.000 0.000 0.000 0.000 0.059 0.003 0.000 −0.000 −0.026

0.000 0.000 0.000 0.000 0.006 0.002 −0.000 −0.000 −0.013

0.000 0.000 0.000 0.000 0.006 0.006 −0.001 0.000 −0.005

0.057 0.059 0.006 0.006 51.233 −0.334 0.004 0.057 1.821

0.003 0.003 0.002 0.006 −0.334 1.135 −0.164 −0.001 −0.502

−0.001 0.000 −0.000 −0.001 0.004 −0.164 0.028 −0.000 0.024

0.001 −0.000 −0.000 0.000 0.057 −0.001 −0.000 0.001 0.036

0.016 −0.026 −0.013 −0.005 1.821 −0.502 0.024 0.036 6.506



Cov2 =



0.027 0.000 0.001 0.001 −0.358 −0.006 −0.006 0.012 −0.120

0.000 0.002 0.001 −0.000 0.396 0.001 −0.000 0.000 −0.042

0.001 0.001 0.001 −0.000 0.287 −0.008 0.000 0.001 −0.046

0.001 −0.000 −0.000 0.000 −0.106 0.009 −0.001 0.001 −0.007

−0.358 0.396 0.287 −0.106 236.050 −3.660 0.124 −0.077 −14.817

−0.006 0.001 −0.008 0.009 −3.660 2.770 −0.414 0.018 0.041

−0.006 −0.000 0.000 −0.001 0.124 −0.414 0.080 −0.006 0.043

0.012 0.000 0.001 0.001 −0.077 0.018 −0.006 0.007 −0.123

−0.120 −0.042 −0.046 −0.007 −14.817 0.041 0.043 −0.123 15.030



Cov3 =



0.204 −0.081 0.013 −0.002 1.887 −0.691 −0.074 0.009 −1.225

−0.081 0.073 −0.002 0.000 7.005 0.254 0.051 −0.003 0.731

0.013 −0.002 0.010 −0.001 1.753 −0.065 −0.003 0.001 −0.234

−0.002 0.000 −0.001 0.000 −0.264 0.016 −0.000 −0.000 0.028

1.887 7.005 1.753 −0.264 1944.805 −17.923 3.203 0.190 16.107

−0.691 0.254 −0.065 0.016 −17.923 3.577 0.094 −0.034 3.607

−0.074 0.051 −0.003 −0.000 3.203 0.094 0.064 −0.003 0.538

0.009 −0.003 0.001 −0.000 0.190 −0.034 −0.003 0.001 −0.023

−1.225 0.731 −0.234 0.028 16.107 3.607 0.538 −0.023 111.948



Cov4 =



0.034 0.016 0.002 −0.000 2.751 −0.119 0.002 0.003 1.076

0.016 0.025 0.002 −0.001 5.460 −0.101 0.005 0.002 1.595

0.002 0.002 0.000 −0.000 0.416 −0.012 0.001 0.000 0.151

−0.000 −0.001 −0.000 0.000 −0.258 0.012 −0.001 −0.000 −0.066

2.751 5.460 0.416 −0.258 1418.645 −19.471 0.039 0.437 359.389

−0.119 −0.101 −0.012 0.012 −19.471 2.349 −0.290 −0.012 −9.027

0.002 0.005 0.001 −0.001 0.039 −0.290 0.054 0.000 0.763

0.003 0.002 0.000 −0.000 0.437 −0.012 0.000 0.000 0.143

1.076 1.595 0.151 −0.066 359.389 −9.027 0.763 0.143 131.559


(5.5)
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where units are given in Figure 5.6. Correlations between di�erent parameter

couples are also graphically depicted in corner plots (Figures 5.6 and 5.7). The

strongest correlation observed is for the couple [κ0, dκ]. The injection rate in our

model and its evolution are primarily controlled by initial permeability and max-

imum permeability change coe�cient. As the �t to this rate represents half of our

objective function (EQ. (5.4)), such strong correlation between those two param-

eters is expected.

The inversion successfully recovers the true permeability regime, in spite of

sometimes imposed poor data quality, with an extreme case of only 104 located

MEQs and a location error of 50 m (model #4). The developed inversion thus

seems reasonably robust. The Paralana catalogue characteristics are closer to

model #2, for which the inversion returned a well constrained solution range.

Catalogue size has the strongest impact on the recovered permeability model un-

certainty, while location error only a�ect some parameters, such as φ0 and k.

This may not be true for larger location error, especially if it is larger than the

hypocentre calculation shell thickness.

Here our forward model has the same characteristics as the true one and it

is only the parameters that are unknown. The inversion process may be more

di�cult if structural error is introduced, which is tested in the next section.

5.4.2 In�uence of the One-dimensional Radial Geometry

Assumption

Our inversion method, using MCMC, accounts for observational error and param-

eter error, but not for structural error. This error is challenging to quantify, as we

cannot know how far our model is from the reality. The "real" parameter set Ω̄

is �ctitious, as the model is only an approximation of reality and those parame-

ters are a simpli�cation, in the best case an averaging of real life properties. In

order to address this issue, we use again synthetic models: we build models with

a di�erent structure than the one used for inversion, and we estimate the success

of our inversion process to recover the features of the synthetic model, which we

know. It is impossible to test every di�erent model structure that may be a better

representation of the real life, and so we restrict our analysis to the cases we deem

to be the most relevant.

As discussed in Section 4.1.1.1, our empirical permeability inversion method is

designed to obtain radially averaged values. However, the shape of the event clouds
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Figure 5.6: Corner plot of the posterior obtained from the Markov Chain Monte
Carlo inversion executed for the synthetic models #1 and #2. Shapes are drawn
to ease the visualisation of cloud distributions.
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departs from radial symmetry, which could be accounted for by anisotropy in the

background or enhanced permeability distributions. If our inversion is operating

appropriately, the averaging of permeability should still allow us to recover the

maximum extent of permeability enhancement, parameterized by rmax. To explore

its robustness, we test two synthetic models of anisotropic permeability, and apply

our inversion method in an attempt to recover the known value of rmax. While both

scenarios feature anisotropic characteristics, �ow di�usion remained dominantly

radial. The permeability enhancement model has the same characteristics as those

presented in Section 5.2, except that now a two-dimensional orthogonal grid is used

to model non radial �ow. The pressure distribution obtained from simulations

allows us to generate synthetic catalogues of MEQs using Equation (4.15) where

n is used as a homogeneous Poisson point process parameter. For each volume

in the orthogonal grid we generate MEQs and integrate location error in their

assigned position, similar to what was done in Section 4.1.3. Parameter k, the

proportionality factor between pressure increase and MEQ triggering, is selected

in order to obtain a catalogue of a similar size to the one observed in Paralana.

The inversion is performed using radially symmetric simulations, even though

the underlying model is asymmetric, and uses the synthetic injection rate and

seismicity distribution.

The �rst regime, (a), is characterized by an elliptical (isotropic) permeability

enhancement �eld (Figure 5.8a). The �rst expression in Equation (5.2) becomes

rfront(ζ, t) =
rmax

1 + e cos(ζ + π)

( t

tmax

)β
(5.6)

where ζ is the angle in the polar coordinate system centred on the well, +x is the

reference direction, and e is the ellipse eccentricity. Parameter values used are listed

in Table 5.5. Even though the synthetic seismicity cloud was highly anisotropic, the

inversion nevertheless captured the maximum extent of permeability enhancement

(Figure 5.8a). This suggests that if the asymmetric shape of the seismicity cloud

at Paralana was due to an asymmetric permeability development, our inversion

procedure will be able to capture this.

The second regime, (b), sees a radial permeability enhancement �eld described

by Equation (5.2), but superposed over a heterogeneous background permeabil-

ity �eld. Initial permeability follows a bivariate distribution with no correlation

between x and y components in a Cartesian coordinate system, de�ned:

log(κ0,xy(x, y)) = log(dκ0,xy × κ0) exp

(
− 1

2

[
(x− µκx)2

σ2κx
+

(y − µκy)2

σ2κy

])
(5.7)
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Figure 5.8: Synthetic asymmetric permeability distributions represented at t =
tmax with accompanying synthetic seismicity catalogue. The median value and
the 16% and 84% quantiles of the inverted maximum permeability enhancement
extent, rmax are given by the grey shade region (indistinguishable in (b) from
the median). The two regimes studied are (a) constant initial permeability and
asymmetric permeability development, following an ellipsoid geometry instead of
a circle; (b) heterogeneous initial permeability following a bivariate normal dis-
tribution, but circular permeability development. Modi�ed from Ri�ault et al.

(2018).

where µκx and µκy are the coordinates of the centre of the distribution, σκx and σκy

the standard deviations in the x and y directions, respectively, and dκ0,xy the scale

of permeability change at the centre of the distribution, with κ0,xy(µκx , µκy) =

dκ0,xy × κ0. The parameters we have used to generate the synthetic model are

summarized in Table 5.5. The synthetic catalogue has a similar shape to the one

generated with regime (a), even though it derives from a di�erent permeability

�eld. For this regime as well, our inversion was able to accurately capture the

extent of permeability enhancement, rmax (Figure 5.8a).

These tests suggest that our inversion process is su�ciently robust to re�ect

the average characteristics of permeability enhancement at Paralana. Conclusions

derived from the following inversion are expected to be robust.
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Table 5.5: Radial synthetic asymmetric regime parameters

Parameters Regime (a) Regime (b)

Ω parameters

α 1.0 1.0
β 1.0 1.0
γ 1.0 1.0
rmax [m] 200 200
κ0 [10

−18 m2] 316 63.1
dκ 999.0 9.0
φ0 [%] 4.67 4.67
k [MEQs km−2 MPa−1] 150.0 200.0
∆Pcrit [MPa] 0.1 0.1

Asymmetry parameters

e 0.8 -
dκ0,xy - 1000
µκx [m] - 350
µκy [m] - 0
σκx [m] - 350
σκy [m] - 250

5.5 Application to the Paralana Dataset

Now that we have gained con�dence about our inversion method using synthetic

models, we apply it to the Paralana dataset (Section 5.5.1). This inversion allows

us to constrain the stimulated volume size and its relation to the seismically active

volume, which carry implications on active stimulation mechanisms as well as the

economic success of a project (Section 5.5.2).

5.5.1 Inversion

We limit our inversion to the continuous pumping step of the Paralana stimulation

(Figure 2.2b), to avoid the long third shut-in (Figure 2.4b). This is because our

simple permeability model does not allow discontinuities. We approximate the

injection rate during the Paralana stimulation as linearly increasing with time

(Figure 5.9a) and ignore the shut-in intervals when injection was zero. We use

Nf=69 for the �ow rate objective function calculation and the same times t1,.., t4

and shells used in Section 4.3 for cumulative hypocentre density calculations.

At completion of our inversion process, the last 500 samples �t reasonably

well our datasets (Figure 5.9a-b). The parameters for the best-�t scenario Ω∗
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and posterior distributions, which e�ectively materialize parameter uncertainty,

are shown in Figure 5.10. For Ω = [φ0, α, β, γ, rmax, κ0, dκ, k,∆Pcrit], the inverted

covariance matrix, Cov, is

Cov =



1.12 −0.98 −0.03 0.12 −4.9 61 −14.31 0.22 −1.81

−0.98 56.72 0.07 −0.26 262.7 −41 25.28 −0.23 38.56

−0.03 0.07 0.02 −0.02 0.0 −2 0.58 −0.02 −0.06

0.12 −0.26 −0.02 0.05 −0.9 7 −1.56 0.03 0.16

−4.89 262.71 0.04 −0.89 1233.4 −217 105.51 −0.66 186.79

60.63 −40.88 −2.03 7.17 −216.8 3508 −785.02 10.85 −12.54

−14.31 25.28 0.58 −1.56 105.5 −785 246.26 −3.24 7.76

0.22 −0.23 −0.02 0.03 −0.7 11 −3.24 0.07 −0.44

−1.81 38.56 −0.06 0.16 186.8 −13 7.76 −0.44 140.34


(5.8)

with units as given in Figure 5.11. Again, correlations between di�erent param-

eter couples are graphically depicted in a corner plot (Figure 5.11). On top of

the already observed [κ0, dκ] relation, correlations for couples couples [φ0, κ0] and

[φ0, dκ] are also convincing. Initial porosity is likely to play a strong role in injec-

tion rate calibration, thus all three correlations have the same origin, the strong

constraint on injection rate �t. The strongest correlation is for [α, rmax], which is

logical as those two parameters control the position of the e�ective permeability

front for values of α>1 (Figure 5.2a), as is the case here (α∗=3.92).

An important result is the fact that permeability enhancement never reaches

a distance further than 40 m from the wellbore. Another �nding is that, for the

best-�t scenario, cold �uid does not propagate further than 60 m away from the

wellbore. It is also interesting to note that there is only a narrow range of per-

meability enhancement scenarios that replicate both injectivity and hypocentre

density observations (Figure 5.9c).

5.5.2 Discussion

Our inversion of the hypocentre density data returns posterior distributions of

nine parameters, Ω, which carry information on the physical processes linking

pore pressure, permeability and seismicity in the Paralana stimulation.
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Figure 5.9: Outcome of the MCMC run after 1,500 iterations for each of the 200
walkers compared with the Paralana dataset (300,000 forward runs). For each sub-
plot, the median value is given with the 16% and 84% quantiles. (a) Distribution
of simulated injectivity increase with time simulated compared with the target.
(b) Distribution of simulated hypocentre density compared with observed values,
starting 50 m from the wellbore. (c) Distribution of prescribed permeability evo-
lution scenarios. Scale on the horizontal axis for plots (b) and (c) are di�erent.
Modi�ed from Ri�ault et al. (2018).

Initial permeability, κ0: Permeability is between 100 and 400×10−18 m2, a

relatively low value, typical for EGS settings.

Initial porosity, φ0: With a best-�t value of 4.67 %, porosity seems high for

rocks at 4 km deep. However, given that stimulation occurs at the interface of

sedimentary formation and granitic basement, the high value is perhaps not en-

tirely implausible. For example, Wassing et al. (2014) obtained a porosity of 7%

from their model calibration of the Soultz-sous-Forêts GPK3 stimulation, set in a

crystalline basement.

Permeability magnitude growth over time, γ: The posterior for γ is centred

near to 1, which implies almost linear permeability growth over time. This result



Application to the Paralana Dataset 127

2 4 6 8
φ0 [%]

φ ∗
0 = 4.67 %

0 10 20 30 40
α

α ∗ = 3.92 

0.4 0.6 0.8 1.0 1.2
β

β ∗ = 0.74 

0.2 0.6 1.0 1.4 1.8
γ

γ ∗ = 1.16 

0 50 100 150
rmax [m]

r ∗max = 28.0 m

100 200 300 400 500
0 [10−18 m2]

∗
0 = 267×10−18 m2

0 25 50 75 100
d

d ∗ = 24.04 

0.6 1.0 1.4 1.8 2.2
k [103 MEQs km−2MPa−1]

k ∗ = 1.18×103 MEQs km−2MPa−1

0 5 10 15 20 25
∆Pcrit [10−3 MPa]

∆P ∗
crit = 0.40×10−3 MPa

posterior distribution Ω best fit Ω

Figure 5.10: Posterior distributions of the parameter vector Ω given by the MCMC
run after 1,500 iterations for each of the 200 walkers (300,000 forward runs) when
applied to the Paralana dataset (modi�ed from Ri�ault et al. (2018)).

may be useful for future investigations of the physical mechanisms of permeability

increase.

Radial extent of permeability enhancement, rmax: Permeability enhancement

is limited to distances of less than 25 m from the wellbore for most permeability

scenarios, and often much less, whereas earthquakes are triggered up to 400 m

away. Thus, in the Paralana stimulation there appears to be very little evidence

for spatiotemporal correlation of permeability enhancement and induced seismic-

ity (Figs. 5.9 and 5.13). Our inference that permeability enhancement and induced

seismicity at Paralana are decoupled stands in contrast to the widely-held view

that the "stimulated reservoir volume" corresponds with the cloud of induced mi-

croseismicity (Evans et al., 2005; Baisch et al., 2004, 2006; Majer et al., 2007;

Häring et al., 2008; Rothert and Baisch, 2011; Chabora et al., 2012; Bendall et al.,

2014; Llanos et al., 2015). This disagrees with the view that induced seismicity

and permeability enhancement coincide. We compute the volume of the region of

permeability enhancement, e.g. where permeability increased by more than 1%
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Figure 5.11: Corner plot of the posterior obtained from the Markov Chain Monte
Carlo inversion executed for the Paralana dataset. Shapes are drawn to ease the
visualisation of cloud distributions. Modi�ed from Ri�ault et al. (2018).
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Figure 5.12: Posterior distribution of the ratio of the volume of the region of
permeability enhancement to the seismically active volume, Vκ/Vs. The value for
the best �t scenario, Vκ/V

∗
s , is given. Modi�ed from Ri�ault et al. (2018).

from its initial value, Vκ, and the seismically active volume, Vs, for our posterior

distributions (Figure 5.12), assuming a radial symmetry. For our best-�t scenario,

our estimated stimulated reservoir represents only 0.4% of the seismically active

volume. Thus, our �nding suggests that permeability gains from hydroshearing

cannot have been substantial for the Paralana stimulation, otherwise there should

have been greater agreement between the stimulated and seismically active vol-

umes (Figure 5.13). One or several mechanisms restricted to volumes near the

wellbore must be responsible for the bulk of permeability increase. Based on our

knowledge developed in Section 1.2 of potential mechanisms enhancing permeabil-

ity and their extent, there are three candidates that can account for this behaviour:

thermal e�ects, hydraulic fracturing, and acidization.

Magnitude of permeability enhancement, dκ: For the best-�t scenario, the ini-

tial permeability is multiplied by a factor of 30 at the wellbore, and less further

away. This value seems reasonable in comparison to other computed values com-

puted for other EGS projects, such as a factor of 50 obtained at Desert Peak

(Dempsey et al., 2015) and a factor of 400 obtained at Basel (Häring et al., 2008).

Proportionality factor between pressure increase and MEQ triggering, k: Our

inversion of the hypocentre density data returns a best-�t value of kMc=0.1 = 1.18

103 MEQs km−2 MPa−1. However, this value for k is not directly comparable to

that inferred for Habanero because the catalogues associated with each stimula-

tion have di�erent magnitudes of completeness. An approximate comparison can

nevertheless be made, but �rst a conversion factor must be applied to kMc=0.1. We
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Figure 5.13: Evolution of pore pressure and permeability with distance from the
wellbore and time for the set of parameters Ω∗, the best-�t scenario. Seismicity
propagation follows pore pressure increase because of our method. Modi�ed from
Ri�ault et al. (2018).

apply a Gutenberg-Richter law (Gutenberg and Richter , 1944), with a calculated

b value of 1.51 ± 0.03 to extrapolate kMc=0.1 in Paralana to its theoretical value

for Mc = −0.8:

kMc=−0.8 = kMc=0.110−b(−0.8−0.1) (5.9)

giving kMc=−0.8=27.0×103 MEQs km−2 MPa−1, which is about two orders of

magnitude larger than at Habanero. This may be a manifestation of the di�erences

in geological setting between the two sites. We know that most of the seismicity in

Habanero occurred on a single fault, while a fracture network structure is deemed

to be more likely in Paralana.

Critical pressure, ∆Pcrit: With values close to 0, the crust appear to be in

critically stressed in Paralana, meaning that small changes in stress or pore pres-

sure can trigger shear failure of existing fractures (Townend and Zoback , 2000).

This is consistent with the occurrence of MEQs far from the wellbore recorded at
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early time during the stimulation, attributed to the propagation of small poroe-

lastic stress changes (Section 3.2.2.1). In contrast, for the Habanero stimulation,

we found ∆Pcrit = 4.6 MPa. In Habanero, small and distant events at early time

were not recorded, even though the magnitude of completeness Mc is lower than

for the Paralana catalogue.

5.6 Conclusions

We used pro�les of hypocentre density to infer reservoir pressure changes and con-

strain the possible permeability enhancement that occurred during stimulation of

the Paralana well. To obtain these, a radial Darcy �ow simulation is conducted

alongside a empirical permeability inversion. Calibration of the model by MCMC

allows us to recover the range of permeability enhancement parameters that ade-

quately reproduce both wellhead injectivity changes and pressure pro�les inferred

from the induced seismicity. Injectivity changes alone are not su�cient to constrain

the permeability changes, as multiple enhancement regimes with quite di�erent

behaviour can lead to linearly increasing injectivity. The robustness of our in-

version method to parameter, observational, and structural error is tested with

synthetic models.

Our �ndings show that the bulk of the permeability enhancement at Paralana

was limited to within 60 m of the wellbore. This is signi�cant because the volume

of stimulated reservoir is only 0.4% that of the seismically active region. As it

is not uncommon to measure reservoir creation in an EGS by the extent of the

induced seismicity cloud (Section 1.1.3), our results undermine a common metric

of stimulation success. Natural permeability is in the range of 100 to 400×10−18 m2

and is multiplied by a factor of about 30 at the wellbore, values in the magnitude

range of other estimates at di�erent EGS projects.

Seismicity-pressure relationship parameters described in Section 4.2 were also

inverted, and di�er greatly from the ones found for the Habanero stimulation

in Section 4.3.1. The proportionality factor between pressure increase and MEQ

triggering, at 27.0×103 MEQs km−2 MPa−1, is two orders of magnitude larger,

which may be caused by the di�erent geological setting of the two stimulations.

The critical pressure value, close to zero, con�rms that in contrast to Habanero,

the crust in the Parlana area is critically stressed.
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The lack of correspondence between seismicity and permeability enhancement

at Paralana implies that hydroshearing was not the primary mechanism causing

injectivity increase. But successful hydroshearing has been reported in other set-

tings, such as Soultz-sous-Forêts (Evans et al., 2005). Thus, its e�ciency probably

depends on in situ parameters, such as the orientation of the faults, or the stress

regime, as suggested by McClure and Horne (2014).

The injectivity increase observed at Paralana more likely is a consequence of

one or several mechanisms: hydraulic fracturing, thermal e�ects, or acidization. It

may be important to consider these e�ects when developing deterministic, physics-

based models of EGS stimulation. This could include accounting for the e�ects of

temperature and pore pressure on permeability in a fracture network at a macro

scale.

While radial symmetry permitted an e�cient inversion process, we lose some

information provided by the seismicity cloud by averaging its features over annular

shells. Moreover, we observed that the Paralana seismicity cloud does not conform

to radial symmetry. This asymmetry and relatively small stimulated volume re-

semble the behaviour of the synthetic regime (b), where heterogeneous background

permeability shifts the seismicity cloud centre away from the wellbore. To develop

such hypotheses, a new framework is needed, where more spatial information than

just distance from the wellbore is integrated. In the following chapter, we develop

the two-dimensional version of this inversion method.



Chapter 6

Two-dimensional Empirical

Permeability Inversion

Here, we develop the two-dimensional geometry of our empirical inversion method.

Although, apart from geometry, our reservoir simulator (Section 6.1) does not

di�er signi�cantly from the one presented in Section 5.1, substantial changes are

necessary for our empirical permeability model. Indeed, the main goal of upscaling

to two dimensions is to better resolve the spatial heterogeneities of permeability

development. To this end, we must change our permeability model presented in

Equation (5.2) to allow the presence of heterogeneities in both initial permeability

and its evolution (Section 6.2). This introduces a considerably larger parameter set,

Ω, which necessitates a di�erent automated inversion algorithm (Section 6.3). We

test the robustness of our inversion using synthetic models (Section 6.4), where

microseismicity catalogue size, hypocentre location error, spatial and temporal

discretization are played with. Finally, we apply this method to the Habanero

dataset, simulating the complex 30 days stimulation at di�erent injection rates,

and using the extensive microseismicity catalogue of 10,436 events, leading to the

inversion of a total of 856 parameters (Section 6.5).

Using microseismicity observation to map empirically heterogeneous perme-

ability was done before by Shapiro (2000). Di�erently to our approach, a three-

dimensional geometry is considered, the seismicity front rather than overall

hypocentre distribution is used, and permeability does not evolve with time.

133
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Figure 6.1: Two-dimensional �ow simulation geometry, where the number of sim-
ulation blocks is accurate.

6.1 Two-Dimensional Reservoir Simulator

As for the radial model, we use the groundwater �ow simulator FEHM to play the

role of P = g(κ; Ψ), where Ψ is the vector of parameters embedded in the �ow

simulator. We use a two-dimensional geometry, but with a considerably coarser

grid than in the previous chapter in order to limit computation times (Figure 6.1).

Similarly, time steps are longer. Space and time discretization now interfere with

simulation outputs, and their impact must be evaluated through synthetic models

(Section 6.4.3). Model parameters are summarized in Table 6.1. Initial tempera-

ture and pressure assigned in the simulator re�ect Habanero conditions instead

of Paralana. Similarly, injection is simulated at constant �ow rate stages, repli-

cating the Habanero stimulation process (Figure 2.2a). Injection temperature is

obtained using the wellbore simulator (see Section 3.1.2). Downhole pressure will

now be the injection dataset used for calibration. Zero heat and mass �ow bound-

ary conditions are enforced at all boundaries, and we ensure pressure changes at

those boundaries remain negligible. Porosity is constant and does not depend on

permeability, as the instabilities this relation can introduce considerably slow the

average model running time. Again, we have Ψ = [φ0].

The most severe e�ect of the coarse mesh discretization is on the wellbore

pressure calculation. In the radial simulation, blocks near the wellbore were set a
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Table 6.1: Two-dimensional simulation parameters

Parameter Value

Model horizontal extent [m] [-1200, 1200]
Spatial discretization [m] 200
Vertical thickness [m] 40
Time step [days] 0.1
Initial pressure [MPa] 47
Initial temperature [◦C] 250
Thermal conductivity [W m−1 K−1] 2.2
Density [kg m−3] 2681
Speci�c heat [kJ m−3 K−1] 2.0

thickness of only 0.2 m to avoid interference with calculations. Now the well is at

the centre of a rectangular volume of dimension 200×200×20 m3. The calculated

average pressure of this block may be signi�cantly di�erent from the downhole

pressure. Approximations exist to obtain equivalent pressures, using the analytical

solution of radial �ow within one block (Peaceman, 1978), but they only apply to

steady state and constant permeability situations, and therefore are not applicable

here. Another option is to increase mesh resolution closer to the well, but to do

so would introduce asymmetries that may bias the permeability inversion process

later on. The best thing we can do is to not consider calculated pressure in the

initial stages of the simulation, when injection at constant �ow rate is �lling the

well block and its size will a�ect calculated pressure the most. Following this

phase, pressure should be more stable if we aim to replicate the Habanero injection

sequence, and thus discretization e�ects should be less severe. To determine how

long this stage is, we use the di�usion characteristic time derived by Shapiro et al.

(1997) from the Biot theory (Biot , 1962),

tdiff =
r2diff
4πD

(6.1)

where D is the di�usivity. Di�usivity is then expressed as

D =
κ

µ(φcf + cr)
(6.2)

where κ is the permeability, φ the porosity, µ the dynamic viscosity, cf and cr the

�uid and rock compressibility, respectively. To obtain the di�usion time, we need

the average hydraulic properties of the rock formations surrounding the injection

point, which is problematic as those are the same values we aim to recover through
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parameter inversion. We will see in Section 6.5.1 how we can obtain estimations

for early times for a real dataset.

6.2 Two-Dimensional Permeability Model Design

Because we desire to include heterogeneities, we cannot just change our model

presented in Equation (5.2) to depend on [x, y] instead of [r]. We must add more

�exibility, so that each node has a permeability evolution model somewhat in-

dependent from its neighbours. There are an in�nite number of possibilities for

constructing a permeability evolution scenario. We introduce several constraints

that, while not always strictly correct, nevertheless seem reasonable simpli�ca-

tions.

(i) Permeability enhancement should be higher close to the well. All of the

mechanisms which can potentially increase permeability discussed in Section

1.2 are likely to see their magnitude decrease further away from the injection

point.

(ii) Permeability enhancement cannot occur in volumes which did not record

any seismic activity. While this constraint undermines our empirical model

philosophy, it is acceptable as in volumes without recorded seismicity, the

inversion has no information from which to derive permeability, and does not

provide any useful information about those volumes. By doing so, we neglect

the possible occurrence of aseismic slip in volumes not within the seismicity

cloud. Aseismic slip (see Section 1.2) can still be recovered in volumes within

the cloud: permeability enhancement can be simulated to occur earlier than

seismicity triggering. But it is too challenging to an empirical permeability

model to gain insight on volumes empty of information.

(iii) Permeability enhancement is irreversible. This may not be always true, espe-

cially if elastic opening is involved in the real stimulation processes, but we

focus on permeability enhancement occurring within injection phase, during

which such reversals are unlikely to occur.

These three constraints encode modeller insight, discarding permeability enhance-

ment scenarios deemed unrealistic and in the process simplifying considerably the

inversion and narrowing the range of possible permeability enhancement scenar-

ios. While we still assume an isotropic permeability, the two-dimensional geometry
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allow the simulation of anisotropic behaviours. Additionally, an arbitrary design

parameter to consider is the trade-o� between �exibility and reduction of the pa-

rameter space complexity. With the two-dimensional version of our inversion, we

introduce more �exibility than in the radial version, at the cost of a more di�cult

inversion process.

Permeability, κi(t), evolution with time, t, is set according to a logistic func-

tion, di�erent at every node, i. This function is governed by �ve parameters. We

assume an isotropic permeability at a given node. From this point, and di�er-

ently from previous chapters, κ always refers to the logarithm in base 10 of the

permeability in m2.

• Initial permeability, κ0,i, controls the values of the lower asymptote of the lo-

gistic function (Fig. 6.2a). Depending on the other parameters, permeability

at the node i at t=0 may be higher.

• Permeability change, dκi, controls the di�erence between the lower and

higher asymptotes of the logistic function (Fig. 6.2b). Depending on the

other parameters, permeability at the node i at t = tmax may be lower.

• Timing of permeability change, t1,i, is the time at which κi(t) = κ0,i + dκi
2

(Fig. 6.2c). The logistic function has been modi�ed to ensure this is always

the case, independent of other parameters.

• Permeability change characteristic time, t2,i, controls the ramp of the logistic

function (Fig. 6.2d). A smaller t2,i makes the logistic function steeper.

• Geometry value, bi, controls the geometry of the logistic function (Fig. 6.2e).

For bi=0, the logistic function is symmetric around the point t = t1,i, κi(t) =

κ0,i + dκi
2 . For bi<0 the logistic function has a steeper early increase and a

smoother increase to its upper asymptote, while the opposite occurs for

bi>0. The logistic function is modi�ed to ensure that the maximum slope is

independent of bi, and thus a function of only dκi and t2,i (Fig. 6.2e).
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Figure 6.2: Illustration of the e�ect of the �ve parameters of the two-dimensional
permeability model: (a) Initial permeability, κ0,i; (b) Permeability change, dκi; (c)
Timing of permeability change, t1,i; (d) Permeability change characteristic time,
t2,i; (e) geometry value, bi. (f) Illustration of the independence of the maximum
derivative of permeability change with time relatively to the geometry value, bi.
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To enforce the modi�cations above, the logistic function is implemented ac-

cording to the following expressions, depending on the value of bi,

bi ≥ 0



b∗i = 10bi

t∗2,i = t2,i(b
∗
i + 1)

− 4(b∗i+1)

b∗
i

t∗1,i = t1,i + t∗2,i ln (2b
∗
i − 1)

t∗1,i =
1(

1 + e
−
t−t∗

1,i
t∗
2,i

) 1
b∗
i

κi(t) = κ0,i + dκi × γi(t)


(6.3)

bi < 0



b∗i =
1

10bi

t∗2,i = −t2,i(b∗i + 1)
− 4(b∗i+1)

b∗
i

t∗1,i = t1,i + t∗2,i ln (2b
∗
i − 1)

γi(t) =
1(

1 + e
−
t−t∗

1,i
t∗
2,i

) 1
b∗
i

κi(t) = κ0,i + dκi × (1− γi(t))



(6.4)

where b∗i , t
∗
2,i, t

∗
1,i, t

∗
1,i are local variables used to adjust the logistic function. To

avoid numerical over�ows, we make the following approximations:

γi(t) = H(t− t1,i), if t∗2,i < 10−8

γi(t) = e

(
1+e

−
t−t∗1,i
t∗
2,i

) 1
b∗
i

, if
(

1 + e
−
t−t∗1,i
t∗
2,i

) 1
b∗
i < 10−2

(6.5)

where H(t) is the Heaviside function.

The permeability evolution scenario of the whole model is described by the

matrix κ:

κ =


κ0,1 dκ1 t1,1 t2,1 b1
...

...
...

...
...

κ0,Nnodes dκNnodes t1,Nnodes t2,Nnodes bNnodes

 (6.6)

where Nnodes is the number of nodes in the model, equal to 169 with the setup

described in Table 6.1. However, the components of κ are not independent, because

of our self-imposed constraint (i). To respect this, we design a system where each
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node, i, has a rank, Ri, attached as presented on Figure 6.3. Ranks are used to

direct the sequence by which local permeability parameters in κ are assigned,

using the set of parameters de�ned in Θ:

Θ =


α1 β1 γ1 δ1 ε1
...

...
...

...
...

αNnodes βNnodes γNnodes δNnodes εNnodes

 (6.7)

where αi, βi, γi, δi, and εi all are parameters within [0, 1]. They control κ with

the following relations, �rst for the node at the injection point, R=0 and i=85,

R = 0



κ0,85 = α85(κ0,max − κ0,min) + κ0,min

dκ85 = β85(dκmax − dκmin) + dκmin

t1,85 = (1− γ85)(t1,max − t1,min) + t1,min

t2,85 =
tδ852,max

tδi−12,min

b85 = ε85(bmax − bmin) + bmin


(6.8)

where the maximum and minimum of each parameter is given in Table 6.2. Except

for the permeability change characteristic time, t2,85, every parameter is controlled

by a simple linear relation between its minimum and maximum values. The perme-

ability change characteristic time is assigned according to an exponential function.

This is because during the inversion process, each component of Θ will be assigned

a uniform distribution between 0 and 1, and this would have led to too "�at" per-

meability evolution curves (see Figure 6.2d). The exponential relation improves

considerably the initial inversion sample diversity.

If Ri = j > 0, then dκi and t1,i depend on nodes of rank Ri = j − 1. Of the

adjacent nodes of rank Ri = j−1, we select the one with the highest permeability

change, dκi. We name this node index l.

R > 0



κ0,i = αi(κ0,max − κ0,min) + κ0,min

dκi = βi(dκl − dκmin) + dκmin

t1,i = (1− γi)(t1,max − t1,l) + t1,l

t2,i =
tδi2,max

tδi−12,min

bi = εi(bmax − bmin) + bmin


(6.9)
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Figure 6.3: Two-dimensional model sketch and ranks, Ri, used for the permeability
assignment model.

Table 6.2: Two-dimensional inversion parameters boundaries

Parameter Minimum Maximum

Initial permeability, κ0,i [log(m
2)] -18 -14

Permeability change, dκi [log(m
2)] 0 5

Timing of permeability change, t1,i [days] 0 1
Permeability change characteristic time, t2,i [days] 0.2 2
Geometry value, bi -1 1
Proportionality factor pressure�seismicity,
k [103 MEQs km−2 MPa−1] 0 40
Critical pressure, ∆Pcrit [MPa] 0 10
Porosity, φ0 [%] 0 10
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Thus, as the node rank increases, permeability enhancement will see its magnitude,

controlled by dκi decrease, and its occurrence time, controlled by t1,i increase.

While this agrees with our self-imposed constraint (i), it is not guaranteed as the

permeability pro�les also depend on parameters t2,i and bi, which are independent

from node to node. We think this is acceptable, as enforcing a strict rule (i) would

lead either to an overly complex parameterization or a too rigid permeability

model.

To satisfy the constraint (ii), we set βi, γi, δi, and εi to 0 at every node where

no seismicity activity is recorded in its control volume. Those parameters are

eliminated from the inversion, reducing the size of Θ.

Our permeability model thus introduced gives us considerable �exibility, but

is associated with a very large number of parameters. Our set-up introduces some

bias, with the evident ones being our three constraints (i), (ii), and (iii). The aver-

aging of permeability over large volumes may also a�ect the inversion results and

recovered permeability distribution. Finally, the logistic function, while �exible,

is not able to reproduce all scenarios, such as, say, a two stepped permeability

increase behaviour. Still, to address those biases a larger number of parameters

would be needed, and the inversion may simply become impossible. The introduc-

tion of biases is inherent to the inescapable trade-o� between model simplicity

and �exibility.

6.3 Inversion Method

As for the one-dimensional radial geometry developed in Chapter 5, we need a

metric to evaluate the goodness of �t to evaluate the goodness of �t of each pro-

posed permeability evolution candidate. The objective function de�ned in Section

6.3.1 is adapted to the two-dimensional geometry. Because of the increase in the

parameter space dimension from nine to hundreds, we use a di�erent inversion

algorithm, a genetic algorithm, described in Section 6.3.2.

6.3.1 Objective Function Calculation

To compute hypocentre density, we use blocks of the same size as the �ow simula-

tion. Thus, there is no need to integrate the average pressure over several blocks

as was done in Equation (5.3). But using directly the modelled block pressure is
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Figure 6.4: Illustration of the pressure interpolation method. (a) Pressures at the
intersection of the nodes control volumes are interpolated, and each volume is
divided in four triangles. (b) Triangle delimited by pressures Pi,j,1, Pi,j , Pi,j,4 in
(a) where the vertical axis represents the pressure value, and the red shaded area
the calculated seismogenic volume obtained through linear interpolation of the
position of the ∆Pcrit front.

problematic as it is the average pressure over a large volume. For example, the

majority of this volume may have a pressure under ∆Pcrit, but a fraction may have

a higher pressure, and thus produce some earthquakes. If we do not consider this

fraction, mesh discretization may strongly interfere with the produced hypocentre

density spatio-temporal distribution.

To address this issue, we divide each volume around a node at position [i, j]

into four equal area right-angled triangles (Figure 6.4a). The pressures at each

vertex of the control volume of node [i, j] are interpolated from their respective

four adjacent modelled pressures. For examples, using the �gure notations, Pi,j,1 =
1
4(Pi−1,j−1+Pi,j−1+Pi,j+Pi−1,j). As we now possess the pressure at every triangle

vertices, we can obtain the position of the ∆Pcrit pressure contour through a

linear interpolation and, thus, more accurately calculate the seismogenic volumes

for hypocentre density calculation (Figure 6.4b) for each triangle. The hypocentre

density value of the block is obtained simply by summing the hypocentre density

of its four constituent triangles.

Again, we need to quantify the goodness of �t through the calculation of an

objective function, θ(Ω). In contrast to the approach in Chapter 5, here we use
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sequential hypocentre density (i.e., the earthquakes accumulated during a time

step) instead of the cumulative measure, and calculate this at every time step

rather than the four times in the Paralana inversion (Figure 5.9).

θ(Ω) = xf (Ω) + w × xs(Ω)

= −1

2

Nf∑
i=0

1

σ2P
(P̄i − Pi)2 − w

1

2

Nnodes∑
j=0

1

σ2j
(n̄j − nj)2

(6.10)

where w is a weight that control the trade-o� between �tting injectivity and �tting

seismicity, xf and xs are the injection rate and seismicity residuals respectively,

P̄i and Pi are the observed and simulated wellhead pressures at every time step,

respectively, and σP is the wellhead pressure observation error, arbitrarily �xed

at 0.01 MPa. As hypocentre density volumes and simulation blocks are the same,

we have Ns = Nnodes.

6.3.2 Automated Inversion Method

Because of the large number of parameters, a MCMC algorithm would not be

very e�cient, as too many forward runs would be necessary in order to make good

enough guesses for the walkers' next positions. Instead we chose to use a genetic

algorithm, thought to be more e�cient for problems with large parameter sets.

We use the de�nition given in Schmitt (2001). A population of individuals, each

de�ned by its genotype, Ω, is evolved toward a better solution, in the sense that

their �tness, θ(Ω), is increased. Parameters Ψ and Φ are normalized in the [0, 1]

interval using the bounds speci�ed in Table 6.2, and parameters Θ are already

within this interval. The inversion is an iterative process, with the population of

each iteration called a generation. The initial population is generated by sampling

a uniform distribution in [0, 1] for each parameter of each individual. We evolve this

population over a pre-set number of generations, Ngen. The population size, Npop

is kept constant from one generation to the other. To evolve from one generation

to the other, four steps are necessary:

• Fitness selections: In this step individuals with a �tness too low are elimi-

nated. There are many algorithms that can be used to stochastically improve

the gene pool, we proceed according to the following: we select randomly

three individuals and keep only the �ttest. We repeat this operation until

we recover Npop individuals. This means that some individuals are present

multiple times in our population. To avoid converging too fast on a local
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minimum, we added an anti-crowding feature: the 10% best �tnesses are

assigned the same maximum value for the ranking process.

• Crossover : Here we mix the population genotypes. This keeps the over-

all population genotype consistent and avoids di�erent individuals drifting

separately to di�erent �tness maximums. Again, there are many ways to

proceed, we chose the following: the population is divided in sets of couples.

Each couple has the probability Pcross to be replaced by its two o�spring,

which are the complementary randomly mixed genotypes of the parents.

• Mutation: This is the step that controls parameter space exploration. Each

individual in our population has the probably Pmut to undergo mutation.

If it does, each of its parameter, or gene, ω, has the probability pmut,ω to

be transformed to ω = ω + N (ω, σmut), where N is a sample in a normal

distribution of mean ω and standard deviation σmut, called the mutation

rate. Under no circumstance a parameter can be outside of the [0, 1] interval.

• Fitness computation for the new individuals: Here the forward model is run

and θ(Ω) calculated for each new individual generated through crossover or

mutation.

The computationally expensive step is the �nal one, where �tness is calculated.

This step is massively parallelizable, as each individual �tness within a generation

is independent. The �rst generation needs Npop forward runs to evaluate the �tness

of each individual. At each new generation, there will be on average Npop × [1 −
(1 − Pcross)(1 − Pmut)] new individuals. For the parameters listed in Table 6.3,

this makes a total of 260,040 forward runs on average. We use 7 cores, and a

forward run takes about 15 seconds to complete. This makes a typical inversion

process last a week. The average running time is approximately proportional to

the inverse of the number of threads used, until this number exceeds the number of

new individuals per iteration, on averageNpop×[1−(1−Pcross)(1−Pmut)]. Then, it
is still possible to increase the population size parameter, Npop, and the relation to

overall running time will remain true. At an unknown population size, increasing

it will no longer improve the genetic algorithm e�ciency, and the inverse relation

between running time and number of processor used will not be true, and the

parallelization of the inversion process �nd its limits. We do not possess su�cient

computational capabilities to provide an estimate for this critical population size.
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Figure 6.5: (a) Illustration of the parameter space for an imaginary parameter
vector Ω = [λ, ψ]. Lines represent constant �tness θ(λ, ψ) values. (b) Range of λ
values for which θ(λ, ψ) > θ1 or θ(λ, ψ) > θ2 is respected. (c) Range of ψ values
satisfying the same conditions. For all subplots, the position of the true parameter
set, Ω̄, and of the best �t parameter set, Ω∗, are indicated.

As discussed in Section 5.3.2, rather than �nding the model with the highest

objective function value θ∗, what may be of greater interest for our analysis is the

range of parameter distribution with a "good enough" objective function value,

[Ω]. Indeed, because of observation errors, if we suppose the existence of a "true"

parameter vector Ω̄, it may be di�erent than the parameter set Ω∗ producing θ∗

(see Figure 6.5a for an illustration with an imaginary inversion problem). Thus

our inversion will focus on the bounding of [Ω] rather than �nding the "best"

parameter set Ω∗. However, a genetic algorithm does not return a posterior distri-

bution as a MCMC does. Therefore we chose to select all the parameter sets with

a higher �tness than a threshold, θthres. This ensemble is [Ω]θthres . The choice of

the threshold is arbitrary, and a potential issue. Figure 6.5 illustrates this problem

where a threshold too high does not include the true parameters. But a threshold

too low might give too large parameter distributions, which do not signi�cantly

constrain values and thus prevent the inversion from providing meaningful insight.

Another issue is that while searching the parameter space for [Ω], we can never

be sure to have its full extent. By developing synthetic models, where we know the
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Table 6.3: Two-dimensional default inversion parameters

Inversion parameter Default value

Hypocentre density weight, w 103

Population size, Npop 500
Number of generations, Ngen 1,000
Crossover probability, Pcross 0.4
Mutation probability, Pmut 0.2
Individual parameter mutation probability, pmut,ω 0.05
Mutation rate, σmut 0.02
Fitness threshold, θthres 2×θ∗

parameter set Ω̄, we can at least check if it is included in [Ω], as it should. Again,

this do not guarantee that the parameter space has been thoroughly explored for

values of θ deemed high enough.

The inversion process depends on a large number of parameters that can only

be set arbitrarily, helped by the experience of the inversion operator: the genetic

algorithm parameters, [Npop, Ngen,Pcross,Pmut, pmut,ω, σmut], the weight, w, and
the �tness threshold, θthres. While default values we use for those parameters are

listed in Table 6.3, we adapted these parameters, sometimes during an inversion,

as we gained insight on how each of them altered the e�ciency and the success

of the process. A parameter set might be useful for a �rst fast narrowing of the

parameter space but ine�cient for �ner re�nements: typically the mutation rate,

σmut, should be lowered as the maximum �tness is approached. A parameter set

may also be e�cient for one problem but ill-adapted for another.

6.4 Synthetic models

To explore the strength and limitations of the developed method, and gain ex-

perience on the inversion process and the choice of its controlling parameters, we

construct synthetic models, as was done for the 1D radial case in Section 5.4. We

present an example synthetic model in Section 6.4.1. We investigate the impact

of the seismicity catalogue characteristics � its size and location uncertainty � in

Section 6.4.2 using the previously built model. We then study the interference of

space and time discretization on our inversion in Section 6.4.3 with a di�erent

synthetic model.
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6.4.1 Synthetic Model Construction

For all synthetic models, we consider a simpler injection pattern than the one

recorded at Habanero: injection is imposed at a constant rate for one day, and

pressure di�usion and seismicity triggering are modelled for two days, with one

day following shut-in (Figure 6.6f). We include the shut-in because MEQ triggering

during this period provides valuable information on the pressure di�usion and thus

additional constraint on permeability evolution. One possible issue is that our

permeability model does not allow decreasing permeability, which could possibly

occur after shut-in because of the relaxation of elastic opening of fractures.

A true permeability parameter set Θ̄ is generated randomly, each parameter

being sampled from a uniform distribution in [0, 1], but using narrower limits than

for the inversion, listed in Table 6.4. This is because we want to test if the inver-

sion will overestimate or underestimate parameter values signi�cantly, and thus

give it extra space to vary those. Example synthetic initial permeability and per-

meability enhancement at shut-in are displayed in Figure 6.6a and b, respectively.

Parameters Ψ̄ and Φ̄ are assigned chosen values, listed in Table 6.5 and Table

6.6 later on. From this true parameter set Ω̄, a pressure distribution through rock

formations is simulated (Figure 6.6c).

From the pressure distribution a hypocentre distribution is generated at every

time step with the relation given in Equation (4.15). We interpolate this hypocen-

tre density linearly into volumes of 10×10×20 m3, considerably smaller than the

volumes used to simulate pressure or calculate hypocentre density. This is done

to generate a smoother and more realistic seismicity catalogue, as was done in

Section 4.1.3 for the 1D radial case. Similarly, for each volume we sample the

number of created MEQs from a Poisson distribution of parameter n × S, with
n the interpolated hypocentre density value and S the projected volume surface

on the plane of injection. Each earthquake generated is assigned a random posi-

tion within the volume, to which is added a location uncertainty, with the same

process as exposed in Section 4.1.3 using a normal distribution of standard devia-

tion σxy. We thus obtain a catalogue with a complex spatio-temporal distribution

dependent on simulated pressure (Figure 6.6d).

A second hypocentre density distribution is calculated from the earthquake

catalogue using the method described in Section 4.1.1.2, in the same volumes as

used for pressure simulation (Figure 6.6e).
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Figure 6.6: Synthetic two-dimensional model #1 (see Table 6.5). (a) Initial log per-
meability distribution. (b) Permeability change distribution at the �rst shut-in,
t=1 day. The red dashed line represents the stimulated volume arbitrarily �xed at
a two fold increase from initial permeability. (c) Maximum pressure change simu-
lated for the two days simulation, of which hypocentre density is proportional. (d)
Generated seismicity catalogue, including both aleatoric component and location
uncertainty. (e) Hypocentre density calculated from the seismicity catalogue. The
blue dashed line is where n>0.01 MEQs km−2, arbitrarily �xed as the seismically
active volume A hypocentre density value is averaged for every volume at every
time step according to the method presented in Section 4.1.1.2. (f) Prescribed in-
jection rate and generated wellhead pressure evolution, to which an observational
error is added.
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Table 6.4: Two-dimensional synthetic model parameters boundaries

Parameter Minimum Maximum

Initial permeability, κ0,i [log(m
2)] -17 -14.5

Permeability change, dκi [log(m
2)] 0 4

Timing of permeability change, t1,i [days] 0 1
Permeability change characteristic time, t2,i [days] 0.2 2
Geometry value, bi -1 1

Pressure at the wellbore is recorded, and an observational error is simulated

by adding a normal distribution of mean 0 and standard deviation σP on each

data point (Figure 6.6f).

For the calculation of the di�usion characteristic time in the well block, we

assume than we know its permeability and porosity, though those parameters are

not �xed and not known in the inversion. Having the time tdiff dependent on

inverted variables would induce undesirable instabilities, as tdiff directly impacts

the number of comparison points of the objective function. With a porosity of 2

% and a well block permeability of 4.16×10−16 m2, and water properties taken

at the reservoir pressure and temperature (Table 6.1) we �nd tdiff=0.155 days

(Equation (6.1)). With time steps �xed at 0.1 days, this only excludes the �rst

modelled pressure at wellbore block i=85 from our objective function θ calculation.

6.4.2 In�uence of the Seismicity Catalogue Characteristics

We continue our investigation of the seismicity cloud characteristics developed in

Section 4.1.3 and 5.4.1 in a new geometry by constructing four synthetic models

with two average earthquake catalogue sizes and two location error values. The

two average catalogue sizes are 1,000 and 10,000 MEQs, and di�er from the tested

sizes of 100 and 1,000 in Section 4.1.3 and 5.4.1. Indeed, a catalogue size of 100

MEQs would generate prohibitively large uncertainties for calculated hypocentre

density for the larger number of observation needed by the two-dimensional geom-

etry. The two values of the location error correspond to the absolute and relative

location errors recorded at Habanero. We use the same permeability parameters,

Θ̄, presented in Figure 6.6 for the four models, to make comparison easier. This

permeability distribution departs from radial symmetry, and leads to a large dif-

ference between stimulated volume and seismically active volume, features that

we hope to be able to recover for real datasets. New catalogues and hypocentre

density distributions are generated for each model.
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Table 6.5: Two-dimensional synthetic models testing seismicity characteristics pa-
rameters

Model # 1 2 3 4

k [103 MEQs km−2 MPa−1] 2.0 2.0 1.0 1.0
NMEQs 10,007 10,076 5,126 5,097
σxy [m] 84 6 84 6
∆Pcrit [MPa] 0.05 0.05 0.05 0.05
φ0 [%] 2 2 2 2

NΩ 468 383 400 340
θ̄ [103] -221.73 -128.48 -56.53 -55.68
θ∗ [103] -136.39 -89.10 -28.88 -39.31
θthres [10

3] -272.78 -178.20 -57.76 -78.62

We conduct a separate inversion for each model. The number of parameters,

NΩ, is di�erent for each case as it is dependent on the size of the generated seis-

micity cloud, generated through a stochastic process (Table 6.5). Unsurprisingly,

larger catalogue sizes and larger location error lead to larger clouds and thus a

larger NΩ.

As we know the true parameter set we can calculate its objective function,

θ̄ = θ(Ω̄), which is not null because of the simulation of observation errors and

Poissonian nature of earthquake triggering. For all four inversions our best �t

model has a higher objective function value θ∗ than the true one. However, this is

not a guarantee that the global maximum for θ(Ω) has been found. It is observed

that the threshold value, θthres, chosen to be 2 × θ∗ (Table 6.3), always remains
below θ̄ (Table 6.5), which indicates that the true parameter set may be included

in the returned solution range. While this does not prove that it will be the case

for all problems, it is a positive result for our test. A higher threshold, which would

narrow the solution range, may exclude the true parameter set, as for model #3

where θ∗ and θthres are very close. Again, there is no guarantee either that the full

range of parameter sets satisfying θ > θthres has been found, but we will conduct

the following analysis of the inversion output assuming this is the case.

We compile the maximum and minimum values of the obtained range, [Ω]θthres ,

for the four models for three parameter sets: initial permeability, permeability

change at shut-in, and parameters uniform over space Φ = [k,∆Pthres] and Ψ =

[φ0]. For spatial distributions, we present inverted values (Figure 6.7 and 6.9) as

well as the di�erence with true values (Figure 6.8 and 6.10) to make a visual

assessment of the inversion output easier. While uncertainties are still depicted
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graphically in the following �gures, the large number of parameters (NΩ=856)

makes the use of covariance matrices unpractical in this chapter.

• Initial permeability (Figure 6.7 and Figure 6.8). Initial permeability is only

constrained in the seismically active volume. Outside of this zone, the mini-

mum and maximum values are the bounds given in Table 6.2. The constraints

do not seem to depend signi�cantly on the seismicity cloud characteristics.

While we can obtain a reasonable estimation of near wellbore initial perme-

ability value, existing heterogeneities are not particularly well recovered.

• Permeability change at shut-in (Figure 6.9 and Figure 6.10). Perhaps the

most important outcome of this inversion is the estimation of the stimu-

lated volume size, and how it compares to the seismically active volume.

The best �t found for each catalogue is very close to the true stimulated

value. However, the minimum and maximum extent of stimulated volume

satisfying θ > θthres do not provide a tight constraint on the volume size.

Paradoxically, models #3 and #4 with smaller seismicity catalogues provide

a narrower range, as it is limited by the extent of the seismically active vol-

ume. The inverted solution range may be increased by the possibly strong

correlation between initial permeability and permeability enhancement: one

can be decreased and the other increased without a�ecting signi�cantly the

outcome of the forward run, and the opposite as well. The minimum and

maximum values do not represent solutions: each node minimum or maxi-

mum value can potentially be from a di�erent solution. This considerably

increases the uncertainty, by stacking all the extreme cases together. How-

ever, if we restrict our comparison to volumes enhanced at least 10× but

less than 100×, they are quite successfully constrained, again independently

of the seismicity cloud characteristics.

• Seismicity - pressure relationship parameters (Figure 6.11a-b). The true val-

ues, Φ̄, are always within the range of the inverted solution for all four

models. The proportionality factor between pressure increase and MEQ trig-

gering, k, is constraint at [-89%, 24%] of its true value, with the best con-

straints obtained for the larger seismicity catalogues, models #1 and #2.

Critical pressure, ∆Pcrit, has an inverted solution range considerably wider

than k. Its lower limit is never bounded, systematically at 0 MPa. Its higher

limit is better constrained for larger seismicity catalogues: 11× and 7.8× its

true value for models #1 and #2 respectively, while for smaller catalogues
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Figure 6.7: Synthetic model inversion results for models #1 to #4 (Table 6.5) for
initial permeability distribution. The true distribution, κ̄, is compared to the best
�t, κ∗, the minimum, κmin, and maximum, κmax, satisfying θ > θthres.
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Figure 6.8: Inverted initial permeability distribution di�erence with true values for
models #1 to #4 (Table 6.5). Results are given for the best �t, κ∗, the minimum,
κmin, and maximum, κmax, satisfying θ > θthres.
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Figure 6.9: Synthetic model inversion results for models #1 to #4 (Table 6.5) for
permeability change distribution at t=1 day, when injection is stopped. The blue
dashed line is where n>0.01 MEQs km−2, arbitrarily �xed as the seismically active
volume, also featured in Figure 6.6. The true distribution, κ̄, is compared to the
best �t, κ∗, the minimum, κmin, and maximum, κmax, satisfying θ > θthres.
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Figure 6.10: Inverted permeability change distribution di�erence with true values
for models #1 to #4 (Table 6.5) at t=1 day, when injection is stopped. The
blue dashed line is where n>0.01 MEQs km−2, arbitrarily �xed as the seismically
active volume, also featured in Figure 6.6. Results are given for the best �t, κ∗,
the minimum, κmin, and maximum, κmax, satisfying θ > θthres.
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Figure 6.11: Synthetic models inversion results for parameters uniform over the
entire modelled space, Φ and Ψ, for each model given in Table 6.5. The true
values, Ω̄, are compared to the best �t, Ω∗, the minimum, Ωmin, and maximum,
Ωmax, satisfying θ > θthres, similar to Figure 6.5.

its upper limit is as high as 69× and 91× the true value ¯∆Pcrit=0.05 MPa.

For both parameters, location error, σxy, does not consistently impact the

solution range in one way or the other.

• Porosity (Figure 6.11c). Porosity value is well recovered, and compared to

the seismicity - pressure relationship parameters, porosity is very well con-

strained, with a maximum range of [-2.56 %, +1.87 %] of the true value.

Paradoxically, it is better constrained for the smaller catalogues, models

#3 and #4. This is probably because in these cases, the wellbore pressure

term of the objective function has a higher relative weight because the total
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hypocentre count is lower, and thus imposes a tighter �t to the wellbore

pressure pro�le, constraining more porosity.

While our method successfully recovers the synthetic model, the constraints

it imposes on the result are not as tight as we would like them to be. It seems

that a large range of solution can reproduce reasonably well an observed dataset,

illustrating once more the problem of equi�nality. The �exibility of the model may

simply be so large that the available information is not enough to provide one

clear permeability regime as the answer. The seismicity catalogue characteristics

do not have signi�cant in�uence on the inversion outcome (except for the critical

pressure), proving the robustness of the process regarding those.

This large solution range is found for a synthetic problem without structural

errors: our forward model has the same characteristics as the true one and it is only

the parameters that are unknown, which leads to a relatively easy and e�cient

inversion process. In the next section we trial our inversion with synthetic models

generated with di�erent time or space discretization parameters, thus introducing

an arti�cial structural error.

6.4.3 Discretization Impact on the Inversion Process

Here, we investigate the e�ect of our coarse time and space discretization to the

inversion performance. We create two new synthetic models:

• The �rst, Model #5, is simulated using a time discretization that is two times

smaller than the models used in the inversion (Table 6.6). Its permeability

development is generated according to the process described in Section 6.2.

It sees higher overall permeability development than the previously used

model, with permeability being increased more 100× its initial value in the

surroundings of the wellbore. Its well block di�usion time is tdiff= 0.168

days, excluding again only the �rst modelled pressure at the injection point.

• The second, Model #6, is simulated using a spatial discretization that is two

times smaller than the models used in the inversion (Table 6.6) (Figure 6.12).

It now has Nnodes=625. Its permeability evolution scenario is interpolated

linearly from the coarser model #5 distribution. This is done to produce

more interesting features of the initial permeability �eld, as a thin mesh
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Table 6.6: Two-dimensional synthetic models testing discretization parameters

Model # 5 6

dx [m] 200 100
dt [days] 0.05 0.1
k [103 MEQs km−2 MPa−1] 2.0 2.0
NMEQs 10,061 10,583
σxy [m] 6 6
∆Pcrit [MPa] 0.05 0.05
φ0 [%] 2 2
NΩ 436 416
θ∗ [103] -389.69 -779.38
θthres [10

3] -1612.53 -3225.06

where each node initial permeability is generated independently according

to a uniform distribution tends to average out its features. It also makes the

comparison between the two inversions easier. This does not mean that the

correct averaged inverted permeability distribution should be the model #5

distribution, as the linear interpolation used does not re�ect the equivalent

coarser hydrological properties.

Separate inversions are conducted for both models. Because the true models

have a di�erent structure than the models used for inversion, θ̄ does not exist

here. The same caveats apply to the inversions conducted in the previous section:

there is no guarantee that the maximum found is the global maximum, or that

the range [Ω]θthres found is the whole range satisfying θ > θthres, but we assume

those propositions to be true.

Again, we compile results in a similar manner to Section 6.4.2. The di�erence

of permeability spatial distribution with true values are not presented because of

the di�erent spatial discretization of model #5.

• Initial permeability (Figure 6.13). Initial permeability is less constrained,

even in the vicinity of the wellbore, than in the previous inversion (Figure

6.7).

• Permeability change at shut-in (Figure 6.13). Permeability change, as for

initial permeability, seems to be less constrained for model #5 than for

inversions not considering discretization di�erences. The most noticeable

example is the extent of volumes with the highest permeability enhancement
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Figure 6.12: Synthetic two-dimensional model #6 (see Table 6.6). (a) Initial log
permeability distribution in a mesh with dr=100 m. (b) Permeability change dis-
tribution at the �rst shut-in, t=1 day. The red dashed line represents the stim-
ulated volume arbitrarily �xed at a two fold increase from initial permeability.
(c) Maximum pressure change simulated for the two day simulation, of which
hypocentre density is proportional. (d) Generated seismicity catalogue, including
both aleatoric component and location uncertainty. (e) Hypocentre density calcu-
lated from the seismicity catalogue. The blue dashed line is where n>0.01 MEQs
km−2, arbitrarily �xed as the seismically active volume A hypocentre density value
is averaged for every volume at every time step according to the method presented
in Section 4.1.1.2, with now dr=200 m. (f) Prescribed injection rate and generated
wellhead pressure evolution, to which an observational error is added.
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Figure 6.13: Synthetic models inversion results for models #5 and #6 (Table 6.6)
for initial permeability and permeability change distribution at t=1 day, when in-
jection is stopped. The blue dashed line is where n>0.01 MEQs km−2, arbitrarily
�xed as the seismically active volume, also featured in Figure 6.12. The true dis-
tribution, κ̄, is compared to the best �t, κ∗, the minimum, κmin, and maximum,
κmax, satisfying θ > θthres.
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factor, superior to 100×, which for the minimum values do not exist, and

for the maximum values is two times larger. Comparison is more di�cult for

model #6 because of the di�erent geometry. Nonetheless, the extent of the

best �t model seems similar to the true one. In contrast to model #5, the

zone of maximum permeability is better constrained.

• Seismicity - pressure relationship parameters (Figure 6.14a-b). Both models

successfully recover the proportionality factor between pressure increase and

MEQ triggering, k. The ranges are similar to those found for the models #1

to #4 inversions, with values being in the [-50%, 30%] range of the true value.

Only model #5 can get critical pressure, ∆Pcrit, right, and only within a

very wide range of 0× to 14× the true value. This amplitude is similar to

the ones obtained for model#1 and #2, indicating that time discretization

did not a�ect this parameter inversion e�ciency. The inversion of model #6

misses the true value with solutions ranging from 4.75× to 33× the true

value.

• Porosity (Figure 6.14c). For model #5, true porosity value is captured, but

with a larger range than for models #1 to #4. Model #6 underestimates

the true porosity value by -28% to -7%. It seems that the modelled well-

bore pressure pro�le is more a�ected than the seismicity distribution by

discretization, explaining the poor capture of porosity compared to models

#1 through #4.

Time and space discretization interferes with the inversion e�ciency. This in-

terference is more pronounced on the permeability regime constraint, parameter-

ized by Θ, than the uniform parameter sets Φ and Ψ. This creates biases in our

parameter estimate. This is undesirable and undermines the robustness of future

results when the inversion is applied to real datasets. The best solution to this

problem would be to increase the resolution of the model both in space and time,

but this requires longer computation times, or a larger number of available CPUs

as the inversion process is massively parallelizable.

Those biases are added to those described in Section 6.1 and Section 6.2: lack of

consideration of porosity change, permeability model in�exibility and irreversibil-

ity. More synthetic models could be developed in the future to investigate these

sources of uncertainty.
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Figure 6.14: Synthetic models inversion results for parameters uniform over the
entire modelled space, Φ and Ψ, for each model given in Table 6.6. The true
values, Ω̄, is compared to the best �t, Ω∗, the minimum, Ωmin, and maximum,
Ωmax, satisfying θ > θthres, similar to Figure 6.5.

6.5 Application to Habanero

Applying the two-dimensional permeability inversion to the 2003 Habanero stim-

ulation presents numerous challenges. First, the Habanero injection sequence is

long, complex, and with large pressure changes compared to our synthetic models

(Figure 2.2). This will directly impact running times and thus inversion perfor-

mance. The longer times also considerably increase the range of possible perme-

ability models, again a�ecting the inversion e�ciency. Some prior estimate of the

timing of the bulk of permeability changes would signi�cantly assist the inversion

process. Second, we do not know initial permeability and porosity, necessary to

calculate tdiff and limit the interference of mesh discretization in our inversion

(Section 6.1).

To address those issues, we use a simple radial model with constant permeabil-
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ity to �rst constrain permeability enhancement time, and initial permeability and

porosity in the vicinity of the wellbore, before proceeding with the full inversion.

It would not be possible to apply the two-dimensional permeability inversion to

the Paralana dataset as the catalogue size is too small to calculate hypocentre den-

sity with such a �ne discretization, the uncertainties would be prohibitively large

(see Section 4.1.3 for a discussion on the impact of catalogue size on hypocentre

density uncertainty).

6.5.1 Permeability Enhancement Occurrence at Habanero.

We use a simple radial model as presented in Figure 5.1 but with constant per-

meability and porosity. The mesh discretization is �ne enough (dr=0.2 m close to

the wellbore) to avoid any interference with the stimulation output. Except those

geometry changes, all parameters are the ones given in Table 6.1. We calibrate this

model to the �rst step of injection of the Habanero stimulation, where we make

the assumption that no permeability enhancement occurred, and thus that using

a model with constant permeability is valid. This assumption is supported by the

fact that injectivity was recorded to strongly decrease during this step (Figure

2.2c). This calibration has two parameters, permeability, κ0, and porosity, φ0.

We use the MCMC algorithm to obtain a posterior distribution for the two

values, as was done in Section 5.3.2. We take their prior distributions as uniform

within the bounds [10−18 m2, 10−14 m2] and [0 %, 5 %] for permeability and

porosity respectively. We use 200 walkers and run 100 iterations. We use the

last 2 iteration parameter distributions as the posteriors. The obtained wellhead

pressure pro�le successfully matches the recorded step 1 pro�le (Figure 6.15).

We obtain a permeability value within [3.31×10−14 m2, 3.55×10−14 m2] (5-

95% range of the obtained posterior). Only a lower bound of 1.05 % is obtained

for porosity. It seems that pressure evolution during step 1 of the stimulation is

mostly independent of this parameter. Porosity could even be higher than 5 %.

But even if we assume a value of 5 %, because of the relatively high permeability

found, we have tdiff=1.9×10−3 days, a value smaller than our time step of dt=0.1
days. Therefore there is no need to discard well block values modelled early in the

Habanero inversion.

With the obtained range of solutions, we simulate injection pressure evolution

further in time with the Habanero injection rate sequence implemented (Figure
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Figure 6.15: Uniform permeability model of the Habanero stimulation calibrated
with Step 1 only. The �lled space represents the 5 % to 95 % range of solution
from the calculated posterior distribution of permeability and porosity.

6.15). The goal is to see when the constant permeability model breaks down, and

thus estimate the timing of the �rst signi�cant permeability changes. Short jumps

in injection rate and accompanying wellhead pressure bursts are not included for

simplicity.

Step 2 is quite well simulated with the uniform permeability model, except

for a short period of time at the end of step 2b where observed wellhead pressure

suddenly increases. We have no explanation for this behaviour. Step 3 observed

pressure is within the projection range, but its behaviour di�ers markedly, with

an observed constant pressure while we model slowly increasing pressure with

time. Permeability enhancement occurrence could explain this departure. Step

4 observed pressure is well below the projected one: permeability enhancement

certainly occurs during this phase.

Therefore we set in our later permeability enhancement inversion the earliest

times for t1 at t=26.3 days, the beginning of step 3. This considerably constrains

the range of permeability models, and thus improves the e�ciency of the inversion.

6.5.2 Two-Dimensional Empirical Permeability Inversion for the

Habanero Dataset

To adapt the inversion to the Habanero scenario, we change a few parameters.

The model is extended from [-1,200 m, +1,200 m] to [-2,000, +2,000 m] (Table
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6.1), because of the observed size of the seismicity cloud (Figure 2.4). The resulting

grid has Nnodes=441. Based on the initial permeability value found in the previous

section, we change the minimum and maximum initial permeability bounds from

[10−18, 10−14] to [10−17, 10−13] (Table 6.2). The induced seismicity weight, w,

sees its value increased to 104 (Table 6.3), to account for the larger number of

pressure observations compared to our previous two days long simulation. The

total number of parameters is NΩ=856.

The maximum objective function found is θ∗=-9.937×107. The �t being not

as good as for synthetic models, it has a direct impact on the threshold value.

If we continue to use θthres = 2 × θ∗, too many models are selected. Instead,

we arbitrarily set θthres = 1.05 × θ∗, which gives a reasonable �t constraint on

pressure behaviour and cumulated hypocentre density (Figure 6.16 and 6.17) and

simulated hypocentre density (Figure 6.17).

The �t to injection pressure during injection phases is not always convincing.

A better �t can be obtained at the expense of the match to hypocentre density, but

the weighting chosen for the objection function does not allow the corresponding

parameter combinations to be within the obtained solution range. The model

is not able to reproduce the steep pressure decline after shut-ins (Figure 6.16).

While not perfect, the �t to pressure decline is considerably better for the uniform

permeability radial model developed in Section 6.5.1 (Figure 6.15), and may be

even better if permeability evolution with space and time is allowed. Therefore, the

inability of the two-dimensional model to reproduce injection pressure behaviour

is most likely caused by the coarse mesh discretization.

The �t to hypocentre density is moderately satisfying (Figure 6.17). The shape

of the seismicity cloud is recovered, but not the approximately constant hypocentre

density distribution within. The observed cumulative hypocentre density values in

some volumes around the wellbore for y < 0 are higher than the value in the

wellbore block, which should not be possible if hypocentre density is proportional

to pressure increase above a critical value. This may be because of the Kaiser e�ect,

as pressure around the wellbore was probably increased at levels high enough to

generate MEQs before the main stimulation because of the drilling process or

conducted pre-stimulations. But maybe the proposed proportionality relationship

breaks down locally because of unknown reasons. While the modelled well block

cumulated hypocentre density is too high, the zone of higher hypocentre density

for y < 0 is successfully reproduced.
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Figure 6.16: Calibrated injection pressure of the Habanero stimulation. The �lled
blue space represents all the simulations with an objective function higher than
θthres for two di�erent values.

To assess better the �t of modelled to observed hypocentre density, it is nec-

essary to observe the inversion performance at di�erent times. We consider on the

best-�t model at the end of each injection step, step 1, .., step 4 (Figure 6.15), and

the evolution of the observed seismicity cloud in Figure 6.18. The overall shape of

the cloud follows the modelled pressure distribution for step 2b, step 3 and step

4, but not step 1 and step 2a. We see that almost all of permeability enhancement

occurs during the last step, step 4, as we expected from the constant permeability

model developed in Section 6.5.1. The occurrence of permeability development in

volumes y < 0 is found necessary in the inversion to reproduce the volume of high

hypocentre density observed in Figure 6.17a.

No signi�cant constraining bound can be placed on initial permeability and

permeability enhancement distribution (Figure 6.19). The best �t scenario has a

permeability enhancement extent covering approximately one third of the seis-

mically active volume. To narrow the range of solutions, it would be possible to

increase the threshold of selection, but the risks of excluding the real permeabil-

ity enhancement regime would increase as well, as demonstrated by the synthetic

model study. The high permeability zone supposed to exist in the vicinity of the

wellbore in Section 4.3.1 is not recovered, but this section had a radius of rd=300

m, which is close to the mesh discretization of dr=200 m used here. Therefore,

to compare our results to the radial analysis done in Section 4.3.1, a �ner spatial

discretization would be necessary, which poses computation time issues.
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Figure 6.17: Calibrated cumulated hypocentre density distribution of the Habanero
stimulation at t=32.5 days, when injection is stopped. The best �t, n∗, the mini-
mum, nmin, and maximum, nmax, satisfying θ > θthres are displayed.
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Figure 6.18: Habanero stimulation best �t inversion result at the end of each step
given in Figure 6.15. Observed seismicity, modelled permeability enhancement,
and modelled pressure distribution are displayed at each time. The full extent of
the simulation is not showed as it models rocks between -2,000 m and 2,000 m in
both x and y directions.
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Another way to assess the inversion results is by estimating the relative like-

lihood of the discovered permeability scenarios. If we consider it acceptable to

interpret our objective function as a log-likelihood, then we have a likelihood at-

tached to each candidate permeability regime. We can then compute the weighted

sum of those regimes, to estimate the likelihood that each model block underwent

a certain level of permeability enhancement (Figure 6.20). This supposes that the

distribution of scenarios in the parameter space is su�ciently uniform to make

the overall likelihood correct, which is not guaranteed by the genetic algorithm

method.

Assuming the obtained likelihood distribution is representative of the posterior

distribution, it seems that at least limited permeability enhancement occurred in

a large fraction of the seismically active volume (Figure 6.20a). However, large

permeability enhancement, > ×10, is limited to volumes in the vicinity of the

wellbore, representing approximately 5 % of the seismically active volume, and

potentially in the zone with y < 0 (Figure 6.20c). With a similar reasoning as the

one conducted in Section 5.5.2 for the Paralana inversion, the recovered permeabil-

ity enhancement distribution would be indicative of the existence of hydroshearing

based permeability enhancement in parts of the seismically active volume, but with

signi�cant permeability enhancement driven by either thermal e�ects or hydraulic

fracturing close to the wellbore. The extent of the stimulated reservoir would then

depend on its de�nition, e.g., at which permeability increase magnitude the reser-

voir is considered stimulated. If large scale permeability enhancement occurred

only in volumes close to the wellbore, this would strengthen conclusions from the

Paralana inversion questioning the e�ciency of hydroshearing as a stimulation

mechanism. However, given the sometimes poor �t to observations obtained, as

well as the obtained range of uncertainties on inverted permeability behaviour,

this result cannot be considered robust.

The seismicity - pressure relationship parameters are constrained in certain

range thinner than the parameter bounds (Figure 6.21a-b). The proportionality

factor between pressure increase and MEQ triggering value found in Section 4.3.1

from the analysis of radial hypocentre density pro�les, k = 280 events km−2

MPa−1, is very close to the best-�t value inverted here. However, the critical

pressure, ∆Pcrit = 4.6 MPa, is outside the inverted range. The model used in

this chapter for inversion is thought to have a less severe structural error, as it

allows permeability change and permeability heterogeneity, then the model used
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Figure 6.19: Habanero stimulation inversion results for initial permeability and
permeability change distribution at t=32.5 days, when injection is stopped. The
blue dashed line is where n>0.01 MEQs km−2, arbitrarily �xed as the seismically
active volume, also featured in Figure 6.12. The best �t, κ∗, the minimum, κmin,
and maximum, κmax, satisfying θ > θthres are displayed.
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Figure 6.20: Habanero stimulation inversion results for the likelihood of perme-
ability change exceeding di�erent values at t=32.5 days, when injection is stopped.
The blue dashed line is where n>0.01 MEQs km−2, arbitrarily �xed as the seis-
mically active volume, also featured in Figure 6.12. Each model is weighted by its
objective functions, and only models satisfying θ > θthres are selected.
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Figure 6.21: Habanero stimulation inversion results for parameters uniform over
the entire modelled space, Φ and Ψ. The best �t, Ω∗, the minimum, Ωmin, and
maximum, Ωmax, satisfying θ > θthres, are displayed, similar to Figure 6.5.

in Chapter 4. Therefore, the range of solutions ∆Pcrit is in theory closer to the true

value. The best-�t value found for porosity, φ∗0=4.11%, is close to the value found

for the paralana inversion with the radial simulation φ∗0=4.67% (Figure 6.21c).

The main reason for the relative lack of success of the application of the two-

dimensional permeability inversion to the Habanero dataset is probably the struc-

tural error of near wellbore simulation. The simulation of pressure changes in only

one block of 200 × 200 × 20 m3 in the vicinity of the wellbore prevents the model

from reproducing accurately pressure gradient evolution around the wellbore, com-

promising the �t to the dataset. As the model does not �t the observations, the

returned range of solutions is very large, expressing the di�culty of the inversion

to achieve success.

6.6 Conclusions

We increased the model complexity from the one-dimensional radial version of

our inversion to consider azimuthal asymmetry and heterogeneities in initial per-

meability and in permeability change. Porosity changes are no longer included

to improve the model stability. Time and space discretization is made coarser to

limit computation times, with values of 0.1 days and 200 m respectively. Up to 441

nodes are simulated, with each its own permeability model, in�ating the number

of parameters to 856. The inversion method thus had to be adapted, now using a

genetic algorithm.
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Presented synthetic models tested the e�ciency of the inversion procedure.

True models with an identical set-up as the models used for inversion are used to

generate synthetic observation datasets. While the true model is always recovered,

the range of possible permeability enhancement regime is wide, and does not

allow constraining the stimulated volume size as well as for the radial version.

This contrast in the relative success of both inversion geometries (one-dimensional

radial versus two-dimensional) is probably caused by an excess of detail of the two-

dimensional inversion: by trying to obtain more information from a limited dataset

through added �exibility, we increase uncertainties in the results. This mirrors the

conclusions from the impact of discretization on hypocentre density calculation

from Section 4.1.3.

The impact of seismicity catalogue size and associated location uncertainty

are tested. We submit synthetic models with 1,000 or 10,000 events in average,

and with an average location error of 6 m or 84 m. Except catalogue size directly

in�uencing the solution range of critical pressure, those features do not partic-

ularly impact the inversion e�ciency. This is consistent with analysis done in

Section 5.4.1 for the one-dimensional radial mode, where true models were always

recovered, but with a moderately increased uncertainty.

Discretization, on the other hand, signi�cantly interferes with inversion suc-

cess. A synthetic output of a model with shorter time steps is inverted, and per-

meability evolution is less constrained than for the precedent tests. For a synthetic

model with a two times smaller spatial discretization, porosity and critical pressure

could not be recovered by the inversion process.

We apply the presented two-dimensional procedure to the Habanero dataset.

The complex injection sequence requires additional constraints to limit the range of

possible permeability enhancement regimes. A simple radial model with constant

hydraulic properties is implemented to obtain estimates of initial permeability and

porosity around the wellbore, found to be in the order of ∼10−14 m2 and higher

than 1.05 % respectively. Timing of permeability enhancement is also recovered,

results indicate that it initiates from step 3 at t =26.3 days.

The inversion is less successful in constraining signi�cantly the range of possi-

ble solutions for permeability enhancement behaviour than the application of the

radial geometry to the Paralana dataset. The observed �t to the injection pressure

pro�le is not satisfying during shut-in periods. The �t to the observed seismicity
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cloud is moderately convincing, especially for later injection stages. We suspect

that the coarse mesh discretization around the wellbore fails to correctly approxi-

mate the real pressure gradient evolution occurring in this zone. Spatio-temporal

issues identi�ed previously with synthetic models may also a�ect the output.

With those uncertainties acknowledged, the inverted solution indicates that

while limited permeability enhancement occurred in a large fraction of the seis-

micity cloud, large scale stimulation was limited to volumes in the immediate

vicinity of the wellbore, occupying only around 5 % of the seismically active vol-

ume, echoing results obtained from the Paralana inversion in the previous chapter.

As acidization did not occur during the Habanero stimulation, only thermal e�ects

and/or hydraulic fracturing can account for this behaviour. Permeability enhance-

ment is estimated to increase natural permeability by a coe�cient superior to 100

close to the wellbore, but the lack of inclusion of porosity evolution in the model

may overestimate this value.

To mitigate the issues stemming from discretization, a better mesh design is

needed, for example coupling a one-dimensional radial mesh, as presented in Chap-

ter 5, in the block within the wellbore with the existing two-dimensional method

further away. The incorrect constant porosity hypothesis may also negatively in-

terfere with the inversion. A larger computational power, or/and a more e�cient

inversion algorithm are necessary to obtain before implementing changes to the

model structure to keep inversion times reasonable.

The presented method success to resolve permeability distribution for synthetic

models is promising, but wants further development before any robust conclusion

can be drawn from real EGS stimulation datasets. The two-dimensional nature of

the presented method opens new modelling possibilities: stress calculation could

be included to have hypocentre density depend on excess shear stress (Equation

1.10) instead of only pressure change, as was done in Chapter 3, and thus include

poroelasticity e�ects. The inversion running time is the bottleneck for any future

improvements. An improved inversion algorithm is necessary before any upgrade

can be implemented.





Chapter 7

Conclusions

The overall structure of the thesis is recapitulated in Section 7.1. Section 7.2 details

how the inherent �aws of modelling approaches were integrated, and presents the

multiple trade-o�s encountered over the course of our modelling e�orts. The insight

gained on permeability mechanism and stimulation success, the stated goals of

this work, are summarized in Section 7.3. Finally, future avenues to continue and

better this work to obtain more knowledge about EGS stimulation are presented

in Section 7.4.

7.1 Summary

Chapter 1 discussed the existing approaches of modelling permeability enhance-

ment and seismicity triggering in the context of an Enhanced Geothermal System

stimulation. The goal of these models is to increase our understanding of the

physical processes responsible for those two features. Indeed, the estimation of

the stimulated reservoir size, which is the volume that underwent permeability

enhancement, is critical. This volume is the principal metric of the success of

an EGS stimulation operation. Induced seismicity poses a potential problem for

public acceptance, but the located catalogue also represents information coming

directly from the reservoir that awaits interpretation. Two mechanisms are key

to understand fracture network dynamics: shear failure and tensile opening. They

may be the consequences of changes in pressure, temperature, and stress. Models

set in this context can be sorted in two categories, physics-based approaches, and

empirical approaches.

177
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In Chapter 2, the Habanero and Paralana datasets, from South Australia,

were presented. We explained why those two stimulations are ideal settings for

our study. Both seismicity catalogues present a planar structure which is thought

to express injected �uid spatial di�usion within the rock formations, and called

the injection layer. The magnitude distributions of the two recorded seismicity

clouds were analysed. The dependence on the fraction of small events to time and

distance from the wellbore found in other studies was not recovered here.

Chapter 3 used a physics-based permeability model to explore the mecha-

nisms of induced seismicity. Our model simulated shear failure caused both by

poroelasticity and hydroshearing. The model was unable to successfully match

the Paralana injection rate increase, motivating the use of a di�erent approach

in following Chapters. However, the calibrated model �tted the recorded induced

seismicity catalogue satisfactorily. From the analysis of the triggering mechanisms

of the modelled earthquakes, we concluded that stress change induced events are

dominant above the injection layer, but do not impact signi�cantly the spatio-

temporal distribution of seismicity within this layer.

Hypocentre density, a quanti�cation of seismic activity, was de�ned in Chapter

4. This quantity allows extracting broad features of the seismicity cloud. Hypocen-

tre density was calculated, with its associated uncertainty, for two geometries of a

planar structure, one-dimensional radial and two-dimensional. Our understanding

of the shear failure mechanism and results from Chapter 3 allowed us to establish

a linear relationship between hypocentre density and local pressure increase. This

was supported by the study of Habanero hypocentre density radial pro�les.

An empirical permeability inversion method was constructed. A reservoir sim-

ulator models the pressure response to a proposed permeability evolution scenario.

With the relationship established in Chapter 4, each permeability scenario is asso-

ciated to a seismicity response. Candidate models are tried until a good �t to the

observation dataset is found, in an inverse modelling approach. Simulated injection

rate and injection pressure are also used to assess the quality of the �t.

Chapter 5 presented the one-dimensional radial version of the empirical per-

meability inversion method. The application to the Paralana dataset successfully

quanti�ed the permeability enhanced volume to a small fraction of the seismically

active volume. The two-dimensional empirical permeability inversion method was

developed in Chapter 6. The application to the Habanero dataset was less suc-

cessful than for Paralana due to identi�ed structural errors.
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7.2 Modelling Philosophy

We present here how we evaluated the interferences of the inherent �aws in rep-

resenting reality using models, and our attempts to mitigate those. The issues

of equi�nality, parameter and observation uncertainty, and structural error were

raised multiple times in the course of our modelling e�orts. They bring to light

inescapable trade-o�s between di�erent modelling designs.

In Chapter 1, we discussed the inherent dangers of calibrating physics-based

models with assumed mechanisms to the sparse datasets that are earthquake cata-

logues. This is the problem of equi�nality, where multiple models including di�er-

ent physics can reproduce the same output. We recognized it in the brief literature

review of Chapter 1, where we �nd that the assumption of dominant permeabil-

ity enhancement mechanism used to construct a model can interfere with the

conclusions derived from the calibration to an observed dataset. In Chapter 3, we

identi�ed the equi�nality issue in our own physics-based modelling approach, when

we discovered that both poroelasticity and aftershocks could account for distant

events observed during the Paralana stimulation. This motivated the development

in Chapters 4, 5 and 6 of empirically based permeability models, where physics

behind permeability enhancement are not assumed.

With the empirical permeability model approach, equi�nality is translated to

parameter uncertainty. As mechanisms are not modelled anymore, now the uncer-

tainty comes from the fact that di�erent permeability enhancement regimes are

able to match the dataset. For example, we observed in Chapter 5 that multiple

regimes with quite di�erent behaviour can lead to linearly increasing injectivity.

Injectivity changes alone are then not su�cient to constraint the permeability

changes. Thus �nding one parameter set �tting the observations is not satisfac-

tory; we had to �nd all acceptable parameter sets. The use of the Markov Chain

Monte Carlo and the genetic algorithm inversion methods for Chapters 5 and 6 re-

spectively allowed to recover an expanded range of �tting parameter combinations.

These methods were tested and validated with synthetic models.

The parameterizations chosen have the inconvenience of creating sometimes

strong correlations: multiple parameter combinations create similar permeability

behaviours, arti�cially increasing parameter uncertainty. However, our empirical

permeability model advantage is the clear physical interpretation of its parameters.
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In an empirical permeability inversion, candidate permeability evolution sce-

narios are submitted until a satisfying range of solutions is found. This approach

is thus limited by the diversity of candidates proposed, and therefore by the �ex-

ibility of the model used to generate those. A more �exible model can reduce

structural error, by allowing more complex geometries that may better re�ect

real-life processes, but will make the inversion more di�cult. A trade-o� exists

between empirical model �exibility and its simplicity.

We positioned ourselves at two places in this trade o� in Chapter 5 and Chapter

6. The method presented in Chapter 5 assumes radial symmetry of seismicity,

permeability enhancement and pressure evolution around the injection well. Initial

permeability is uniform, and only nine parameters control the forward model.

The robustness of the inversion towards asymmetry was validated with synthetic

models. The method from Chapter 6 introduces two-dimensional heterogeneities

in initial permeability and permeability development. The number of parameters

is higher than 400 for a typical inversion. Still, some limitations were implemented

to limit the model �exibility, such as the large time and space discretization to

keep running times reasonable, or the irreversibility of permeability enhancement

to limit the number of scenarios to test. The introduction of what can be called

biases, structural errors, or simpli�cations, is inherent to the described trade-o�

between model simplicity and �exibility. What the two-dimensional approach loses

in e�ciency, it gains in information recovered on hydrological properties.

Another limitation is the quantity of available observations and their uncer-

tainty. Indeed, seismicity data quality is parameterized by the catalogue size, typ-

ically numbering 1,000s of events, and the average location error of the MEQs,

which can reach up to 100 m. The impact of those parameters on hypocentre

density calculation and inversion accuracy was tested in Chapters 4, 5 and 6 us-

ing synthetic models. As expected, the uncertainty on the solution is increased as

the catalogue size is reduced and the location error is increased. Solutions with

large uncertainties are not informative, as the output range is too wide to gain

any insight on the stimulation. Data quality, with a large number of relocated

events and a small location uncertainty, is essential to obtain an insightful result.

This introduces a new trade-o�, between the number of observable points and un-

certainty size. Using a �ner discretization to gain more observation points is not

useful when it introduces too large uncertainties. This limitation was observed in

Chapter 6, where the permeability enhancement distribution, considerably more
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detailed than in Chapter 5, is handicapped by large uncertainties, limiting the use-

fulness of the added �exibility. Ultimately, even the most �exible, bias free model,

not considering the adverse e�ects it carries on the inversion process, will hit this

issue of imperfect data. In the end there is only a �nite amount of information

available, and even with better computation capabilities it will not be possible to

retrieve complete knowledge of the involved processes.

The use of an empirical permeability model e�ectively translates equi�nality

into parameter uncertainty, which can be measured with an adapted inversion

process. Each of the three errors inherent to any modelling e�ort � parameter,

structural, and observation � is addressed. Each imposes some kind of trade-o�

forcing a choice in model design, whether it is on the parameterization, on the

�exibility, or on the information recovery process. With this detailed approach,

we hoped to build con�dence in our conclusions, or at least open a discussion

about which design strikes the right balance in the presented trade-o�s.

7.3 Insight Gained on the Enhanced Geothermal

System Stimulation Process

A �rst goal of this work was to obtain measures of the success of a stimulation

operation from available information, which is critical for an EGS project. This

was done successfully in Chapter 5 for the Paralana stimulation using the induced

seismicity catalogue in our one-dimensional radial empirical permeability inver-

sion. We found that the bulk of the permeability enhancement at Paralana was

limited to volumes within 60 m of the wellbore, and represents only 0.6% of the

seismically active volume. Therefore, the stimulation operation was considerably

less successful that what was estimated from the induced seismicity cloud size, as

the enhanced permeability zone extends only 60 m away from the wellbore while

the seismicity front is observed a a distance superior to 400 m away from the well-

bore at the end of the injection. For the Habanero stimulation, our inversion is

less robust, but still indicates that volumes that underwent signi�cant permeabil-

ity enhancement (> 10×) represent only a small fraction (∼ 5 %) of the seismicity

cloud. These results undermine the common measure of reservoir creation in an

EGS stimulation by the extent of the induced seismicity cloud. Relying solely on

induced seismicity can be misleading.
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A second goal was to gain a better understanding of the relative importance of

di�erent physical mechanisms in both permeability enhancement and seismicity

triggering. We found in Chapter 3 that poroelasticity is an important mechanism in

seismicity triggering, a result shared by other studies. However, we discovered that

in the injection planar structure, most of seismicity is caused by hydroshearing.

This means that seismic activity in the injection layer is directly linked to pressure

increase. Even more, we established in Chapter 4 that hypocentre density is likely

to be proportional to pressure increase in the injection layer, which suggests the

predominance of the hydroshearing mechanism.

Our physics-based permeability model developed in Chapter 3, dominated by

hydroshearing, was unable to reproduce the injectivity evolution behaviour ob-

served during the Paralana stimulation. In Chapter 5, the lack of correspondence

between seismicity and permeability enhancement identi�ed with our radial per-

meability inversion for the same dataset implies that hydroshearing was not the

primary mechanism causing permeability enhancement. A similar observation is

made with the two-dimension permeability inversion conducted for the Habanero

dataset. These results contrast with a common assumption made in other mod-

elling approaches, where hydroshearing is the dominant cause of reservoir stim-

ulation, if not the only one. The e�ciency of hydroshearing has been proved in

other EGS stimulations. Hydroshearing induced permeability enhancement mag-

nitude must then be variable from one setting to the other. Further investigation

is needed to learn if it depends on in situ parameters or stimulation parameters.

This result signi�es that other mechanisms are responsible for the reservoir

development observed at Paralana and Habanero, and probably at other EGS

sites. Based on our knowledge of the physics of shear failure, three candidates,

susceptible to produce fracture opening predominantly in the vicinity of the well-

bore, stand out: hydraulic fracturing, thermal e�ects, and acidization (only at

Paralana). Perhaps one mechanism alone is responsible, or maybe a combination

of all three. The empirical approach to permeability modelling does not allow

any discrimination, but for physics-based models of EGS stimulation, it may be

important to consider these e�ects.

These results ful�l our overall objective to improve our knowledge of the pro-

cesses that intimately link hydrological behaviours and earthquakes. These �nd-

ings also shed a brighter light on the coupled hydrological and seismological pro-

cesses operating in other geoscience phenomena, such as triggered earthquakes
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in volcanic and natural hydrothermal settings, and in �uid-driven aftershock se-

quences.

7.4 Future Work

Further research should focus on developing the promising two-dimensional

method of Chapter 6. Mitigating discretization issues would be the priority. A

proper radial model of the near wellbore volume is needed to understand the com-

plex pressure changes occurring there, similar to what is developed in Chapter

5, could be coupled with the existing approach. Additional synthetic models are

needed to validate any new structure development. A proper enhancement poros-

ity model should be implemented as well. Then, conclusions obtained from a real

dataset inversion would be strengthened. These upgrades would without a doubt

considerably lengthen an already long inversion process, the bottleneck of future

developments. More CPU power could be used, as the algorithm is massively par-

allelizable. A more e�cient inversion method than genetic algorithm could be re-

searched. Parameterization may be optimized to limit created correlations, maybe

by using hyper-parameters. The two-dimensional nature of this method also opens

new modelling possibilities: stress calculation could be included to have hypocen-

tre density depend on excess shear stress (Equation 1.10) instead of only pressure

change, as was done in Chapter 3, and thus include poroelastic or thermoelastic

e�ects; permeability could be anisotropic, increasing the �exibility of the proposed

candidates without increasing spatial discretization.

Applying those empirical methods to other datasets, and comparing the results

to other studies also estimating the stimulated reservoir size would help to validate

the robustness of our inversion. The recovery of the permeability enhanced volume

on a large number of existing EGS stimulation might highlight the parameters,

whether of the stimulation or of local formations, determining the success of such

operation. This would contribute to make future EGS operations more e�cient

and pro�table, and ultimately develop successfully an energy source with mini-

mal environmental impact and baseload generation capacity, with large growth

opportunities all over the world.

Once permeability enhancement is constrained, our method cannot discrim-

inate between the possible responsible mechanisms. Physics based models have

to pick up the research from there, with additional gained information from the
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empirical method helping their development. Finally, switching from one to the

other and iterating on the acquired knowledge is the best way forward to truly

hope to understand subterranean processes. This approach could have a positive

impact on the �eld of geosciences as a whole.
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