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Stochastic modelling of Krafla’s magma bodies 

James Catley 

May 2018 

 
Abstract 

The Krafla volcanic system in NE Iceland exhibits active bimodal basic and acidic 

magmatism, with high-temperature geothermal resources that have been exploited since 

1977. Deep wells provide a unique insight into Krafla’s geological structure, including 

two intersections of acidic magma. It is thought that shallow magma bodies play a 

significant role in heating the geothermal system, as well as being a volcanic hazard. 

The study evaluates available geoscience and engineering data; generating several 

conceptual models for the locations and morphology of current magma bodies. These 

include various combinations of dykes, sills, cone sheets, and magma chambers. 

Training images derived from these models form the basis for further stochastic 

simulation of the bodies using the DeeSse multiple point geostatistics algorithm. A 

supervised machine learning classification model was used to predict magma 

occurrence based on exhaustive geophysics data, with the aim of guiding local target 

probability in the simulations. Unfortunately, the data was inadequate to train a robust 

model, and excessive processing times also resulted when using a local target 

probability in DeeSse. The resulting realisations are therefore unconstrained by 

geophysics and quantities of magma in the models remain arbitrary. When analysed for 

uncertainty using information entropy, phi, and distance clustering – the simulations 

show that magma probability is defined mostly by body geometry and large-scale 

patterns constrained by the limited hard data. The study demonstrates the potential for 

DeeSse to reproduce complex geological patterns, as well as the difficulty in providing 

appropriate training images. 
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Óvissulíkan af kvikuhólfum í Kröflu 

James Catley 

maí 2018 

 
Útdráttur 

Kvika eldstöðvakerfisins í Kröflu á norðaustur Íslandi er tvískipt, bæði súr og 

basísk. Hitastig jarðhitakerfisins er hátt. Þarna hefur verið framleitt rafmagn frá 

1977. Djúpar borholur hafa gefið nýja sýn á jarðfræðilega skiptingu 

Kröflukerfisins og greina má tvö súr innskot. Talið er að grunnstæð kvikuhólf leiki 

stórt hlutverk bæði hvað varðar viðhaldi jarðvarmans sem og eldgosahættu. Þetta 

verkefni greinir jarðfræði- og verkfræðitengd gögn og setur fram jarðfræðilíkön 

m.t.t. ummyndunar þ.m.t. ganga, lagganga, keiluganga og kvikuhólf. 

Þjálfunarmyndir voru gerðar samkvæmt þessum líkönum til að búa til slembihermi 

af kerfinu með því að nota DeeSse margpunkta jarð-tölfræði reiknirit. Líkan byggt 

á vélrænu námi var notað til að spá fyrir um kvikuhreyfingar til að hanna 

jarðhitalíkanið. Því miður voru gögnin sem fengin voru ekki nægilega ítarleg og 

reyndust því niðurstöður ekki nákvæmar end tóku þær ekki tillit til 

jarðeðlisfræðilegra eiginleika. Því eru staðsetningar á kvikunni handahófskenndar. 

Þegar líkanið er greint m.t.t. óvissu með því að nota upplýsingar um óreiðu, phi og 

fjarlægðarþyrpingar – sýnir hermunin að líkur á kviku stjórnast af rúmfræði 

svæðisins sem og stærðarmynstrum. Þetta verkefni sýnir fram á möguleika DeeSse 

til að framleiða flókin jarðfræðimynstur sem og erfiðleika þess að útbúa góðar 

þjálfunarmyndir.
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Chapter 1 

1Introduction 

Krafla is a volcanic system located in the Northern Volcanic Zone (NVZ) in NE Iceland, 

consisting of a central volcano and fissure swarm above the divergent Mid-Atlantic Ridge 

(MAR). The system has several associated geothermal resources, which have been exploited 

since 1977 following construction of the Krafla power station by the Icelandic Government, 

ownership of which was subsequently transferred to Landsvirkjun in 1985 (Landsvirkjun, 

n.d.). Construction and operation of the 60MWe plant have been hampered by local volcanic 

activity and numerous technical issues, related to acidic fluids, the dual layer geothermal 

system, and the availability of less steam than originally anticipated.  

The system’s volcanism is dominantly basaltic, but also periodically acidic. This 

bimodal nature is reflected both by geological mapping, observed volcanism, and drilling 

data. In addition to intercepts of both basic and acidic solidified intrusions, drilling at Krafla 

has intersected acidic magma twice at measured depths of 2.1-2.5km, including the IDDP-1 

well of the Iceland Deep Drilling Project (IDDP). This collaboration between industry and 

government aims to explore for supercritical hydrothermal fluids with the eventual intention 

of using these for energy generation.  

Whilst much of the geological exploration at Krafla has been related to the geothermal 

industry, the Krafla Fires sparked significant scientific interest which has only heightened 

since drilling of the IDDP-1 well, leading to the formation of the Krafla Magma Testbed. 

This collaboration of 38 research institutes and companies from 11 countries aims to study 

magma in–situ at Krafla; advancing understanding of volcanic hazards and magmatic 

geothermal energy (British Geological Survey, 2017). The effort is being coordinated by the 

British Geological Survey and the Geothermal Research Group, who are currently seeking 

funds for future drilling programs. 

It is hypothesised that these magmatic bodies, which extend to relatively shallow depths, 

play a significant role in heating the fluids of the geothermal system (Mortensen, et al., 

2015), particularly those which are super-critical, meaning that understanding their location 

and morphology is highly valuable.  

Interpreting and modelling spatially distributed datasets falls within the field of 

geostatistics, which is used extensively within the mining, oil & gas, and environmental 

industries for predicting properties at unsampled locations. Little data is available to 

condition the magma bodies at depth, with drillhole intercepts providing the only definite 

Hard Data (HD). Whilst additional data such as geophysics can be used as a guide, these 

measurements are affected by multiple parameters, making interpretation difficult or 
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subjective. Studying analogous systems with more exhaustive datasets and applying 

geological principles can contribute to the construction of deterministic conceptual models, 

based on the modeller’s best interpretation of the data. Alternatively, stochastic simulation 

can be used to generate multiple potential realisations. These techniques have traditionally 

used variogram models to characterize the study area statistically such as with Sequential 

Gaussian Simulation, or combined objects with predefined geometries in Boolean 

simulation. More recently, Multiple-Point geo-Statistics (MPS) have been developed which 

use Training Images (TI) to mimic physical realism, with much greater ability to reproduce 

complex geological features (Mariethoz & Caers, 2015). Some algorithms can even 

reproduce non-stationary patterns such as locally varying rotation, affinity, and probability. 

They are also able to incorporate “soft” data constraints such as geophysics.  

This project aims to use the available data to create several representative geological 

models based on suggestions by various experts. TIs derived from these will then generate 

further realisations using MPS simulation techniques. A simple model for the probability of 

magma occurrence will be created using supervised machine learning techniques on the 

geophysics datasets, with the intention of using this as a soft constraint to guide the 

simulations. Measures of uncertainty will be used to analyse the resulting realisations. 

It is hoped that future work will combine the potential locations of magmatic sources 

with the geothermal system’s production data within numerical equation of state modelling 

software such as the TOUGH (Transport Of Unsaturated Groundwater and Heat) family 

(Pruess, 2004), with the aim of determining which realizations may be the most likely. This 

could be implemented via forward models from representative realisations, or as an 

inversion of the production data. 
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1.1 Krafla geological background 

1.1.1 Geological setting 

Iceland is located above the Mid-Atlantic Ridge (MAR), at the divergent margin of the 

Eurasian and North Atlantic plates. It forms part of the Greenland-Iceland-Faroes Ridge 

(Figure 1.1) - a 25-30km zone of thickened basaltic crust, which beneath Iceland is 3-5 times 

thicker than normal oceanic crust (Brandsdóttir & Menke, 2008). Its enhanced magmatism 

and position above sea level are generally attributed to an underlying area of anomalously 

high temperature known as a “hotspot”. This is in turn thought to result from a mantle plume, 

revealed by a zone of low velocity material extending down to 300-400km depth beneath 

Vatnajökull Glacier by seismic tomography (Wolfe, Bjarnason, VanDecar, & Solomon, 

1997). This theory has however been contested, perhaps most prominently by G. Foulger 

who cites inadequate mantle temperatures, lack of volcanic track, and a lack of seismic 

anomaly within the lower mantle as evidence against such a plume (Foulger & Don, 2005). 

She instead proposes that the elevated magmatism in Iceland is due to high mantle fertility, 

arising from subducted and re-melted oceanic crust. It has also been argued that the 

Greenland-Iceland-Faroes ridge does in fact represent the trail of the Iceland hotspot since 

its initiation at the opening of the North Atlantic (Björnsson, 1985). 

The divergent rift traverses the country, partitioning as several structural and volcanic 

zones. Krafla is located within the Northern Volcanic Zone (NVZ) (Figure 1.1), which 

consists of seven NNE-SSW elongate volcanic systems (Brandsdóttir B. , Menke, Einarsson, 

White, & Staples, 1997). The most significant of these systems are Þeistareykir, Krafla, 

Fremrinámar, Askja, and Kverkjöll (Drouin, et al., 2017). The zone is bounded to the north 

by the Tjórnes-Fracture Zone (TFZ), consisting of the ESE-WNW trending Grímsey 

Oblique Rift (GOR), Húsavík-Flatey Fault (HFF), and Dalvík zone (DAL) (Einarsson P. , 

2008). The zone is bounded to the south by the overlapping rifts of the Western Volcanic 

Zone (WVZ) and the Eastern Volcanic Zone (EVZ), with the latter expected to become more 

active as a “rift jump” results from the relative motion of the boundary with respect to the 

roots of the hotspot. Repeated eastward rift jumping due to periodic repositioning of the 

rifting axis to above the hotspot may explain the neovolcanic zones in Iceland (Brandsdóttir 

B. , Menke, Einarsson, White, & Staples, 1997).  
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Figure 1.1 Greenland-Iceland-Faroes Ridge & Neovolcanic 

zones in Iceland. Volcanic Zones after (Sturkell, et al., 2010), 

TFZ structures after (Mariotto, et al., 2015), Tectonic plate 

boundaries (USGS, n.d.), Ocean bathymetry (Natural Earth 

Data, n.d.), Iceland outline (Landmælingar Íslands, 2017), 

Glacier outlines (Landmælingar Íslands, 2017). 

 

As well as stretching due to plate divergence, the geodesy of the NVZ is affected by 

deformation resulting from volcanic activity and glacio-isostatic rebound. GPS 

measurements between 2008-2014 reveal a 50km wide zone of stretching with an axis 

running through Krafla, Fremrinámar, and Askja central volcanoes (Figure 1.1), changing 

direction at each volcano rather than following the fissure swarms (Drouin, et al., 2017). The 

study infers an extensional rate of approximately 17.4 mm/year in the direction 292°. 

Volcanic activity in the NVZ during the past three centuries has largely occurred within 

the Krafla, Askja, Bárðarbunga, and Grímsvötn systems (Figure 1.1), with the eruptive 

activity suggesting magma accumulation within shallow, crustal chambers intermittently 

feeding dykes parallel to the ridge (Brandsdóttir B. , Menke, Einarsson, White, & Staples, 

1997), (Sigurdsson & Sparks, 1978), (Björnsson, 1985). The Þeistareykir and Fremrinámar 

central volcanoes lack developed calderas and have more numerous olivine-tholeiitic lava 

shields, suggesting an absence of shallow magma chambers (Björnsson, 1985).  

Mapping of the eroded fossil Geitafell volcanic system in Eastern Iceland shows sheet 

swarms, which may be considered analogous to the deeper roots of the Krafla system 

(Burchardt & Guðmundsson, 2009), (Burchardt, Tanner, Troll, Krumbholz, & Gustafsson, 

2011). Further discussion is given in “2.2.4 Comparison with Geitafell analogue”. 

Laboratory experiments show that dykes and cone sheets correspond to distinct regimes of 

magmatic emplacement, with cone sheets preferentially forming when magma influx 

velocity or viscosity is high, or when the source is shallow relative to lateral extent (Galland, 

Burchardt, Hallot, Mourgeus, & Bulois, 2014). 
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Whilst most of the volcanism in Iceland involves basaltic magmas, acidic magmas are 

also generated at various locations, including its central volcanos. Genesis of the acidic 

magmas in Iceland is thought to be the result of partial melting of underlying crust rather 

than fractional crystallisation of more primitive melts. This is supported by lower δ18O 

values in acidic magma than in mafic magma at Krafla and Askja, and differing 230Th/232Th 

ratios at Hekla (Sigmarsson, Hémond, Condomines, Fourcade, & Oskarsson, 1991). 

Rhyolites at Krafla are tholeiitic and produced by near-solidus fractionation, interpreted as 

melting of hydrothermally altered, mostly basaltic crust (Jónasson, 1994). This is 

hypothesised to occur on the margins of active basaltic magma chambers or intrusive 

domains where 850-950°C temperatures may be experienced, although significant cooling 

from the hydrothermal system make this less likely directly above the chamber. 

Krafla’s central volcano is bisected by a 90km long fissure swarm extending through the 

volcano at a strike of 5-15° (Mortensen, Egilson, Bjarni, Árnadóttir, & Guðmundsson, 

2014). Hyaloclastite and basaltic lava flows largely fill an 8x10km caldera (Figure 1.2), 

formed ~110,000 years BP and skirted by silicic tuffs. A second, partly eroded and filled 

inner caldera is inferred from gravity surveying and is thought to have formed sub-glacially 

(Árnason, Vilhjálmsson, & Björnsdóttir, 2011). Whilst no surface features indicate the inner 

caldera, surface geothermal manifestations between Leirhól and Hvíthól are evident where 

the peripheries of the two calderas are thought to overlap (Mortensen, et al., 2015). Since 

intrusions often follow caldera faults, it was proposed that this may have led to the observed 

localised geothermal activity. Krafla exhibits dominantly basaltic, but occasionally acidic 

magmatism – as observed in surface geology and drilling intercepts. Rhyolitic material is 

abundant in geological mapping of the area, with the youngest dating from ~9,000BP 

(Zierenberg, et al., 2013), (Sæmundsson, 1991). Several rhyolitic and dacitic domes occur 

on Krafla’s caldera rim, suggesting that Krafla has had crustal magma chambers in the past 

(Schuler, et al., 2015).  

Recent volcanism has been almost exclusively basaltic and constrained to two major 

episodes; although a small quantity of juvenile rhyolitic pumice erupted alongside basaltic 

scoria during formation of the Víti explosion crater (Zierenberg, et al., 2013), (Grönvold, 

1984). This occurred as a phreatic central vent eruption in 1724 at the start of the Mývatn 

Fires – the first of these major episodes - followed by four effusive basaltic fissure eruptions 

over the subsequent 5 years (Þórðarson & Larsen, 2007). The Krafla Fires were the second 

major episode, occurring 1975-1984 and consisting of nine effusive basaltic fissure 

eruptions and forming the most recent post-glacial lava (indicated by hatching in Figure 1.2). 

In both cases, additional rifting events took place, which did not manifest at the surface. The 

total widening of the fissure swarm during the Krafla Fires was ~0.9m, or 30 times greater 

than the average rate of the divergent plate boundary in Iceland (Þórðarson & Larsen, 2007). 

Approximately 1km3
 magma was circulating in the system during the fires, about ¼ of which 

erupted (Sturkell, Sigmundsson, Geirsson, Ólafsson, & Theodórsson, 2008). Despite the 

general dominance of basic lithologies, the magma intersected during drilling was acidic.
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Figure 1.2 Geological map of Krafla (Sæmundsson, 2008) overlain with caldera ring structures, Krafla Fire’s lava flow, and well locations. 
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1.1.2 Geothermal system and exploitation 

Geothermal exploration in the area commenced in 1969, with Krafla and Námafjall 

subsequently identified as areas of greatest interest (Mortensen, et al., 2015). Following the 

drilling of two exploration wells in 1974 and the publication of the results in the same year 

by the National Energy Authority, the Icelandic Government decided to install a 60MWe 

plant. Based on early assumptions, it was anticipated that the average well would produce 

4.4MWe and that 15 wells would produce sufficient steam to support the plant. Unlike the 

water dominated systems previously exploited in Iceland, Krafla’s geothermal system was 

found to be partly boiling (Requejo, 1996). The presence of very acidic and supercritical 

fluids at Krafla is likely due to the proximity of active magmatism. 

Construction of the plant began in 1975 but was hampered by the onset of the Krafla 

Fires; beginning that year and continuing until 1984 (Mortensen, et al., 2015). Construction 

and exploration work continued regardless, leading to the early realisation that the 

geothermal system was more complicated than originally anticipated. The Leirbotnar area 

was found to consist of dual layers; a shallow water-dominated system at 205°C less than 

1km depth, and a deeper boiling zone at 300-350°C extending to 2km depth (Requejo, 1996). 

In addition to this, inflow of acidic magmatic gases significantly affects the chemistry of the 

production fluids, leading to corrosion and scaling damage in many wells, especially in the 

Vítismór area west of Víti (Mortensen, et al., 2015). Acidic fluids remain a challenge at 

Krafla despite extensive sampling and analysis undertaken over the following years to better 

understand the problem. 

 

 

Figure 1.3 Characterisation of the Krafla system as sub-

fields (labelled) and conceptual reservoirs (purple rectangles) 

(Vatnaskil, 2016). 

  

Power plant 
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The northern Krafla-Leirhnúkur geothermal system is currently used for electrical power 

generation, however a second high-temperature geothermal field is also located within the 

fissure swarm ~5km south of the caldera (Tang, Rial, & Lees, 2008). Figure 1.3 characterises 

the Krafla system as a series of sub-fields within conceptual reservoirs, illustrating some of 

its complexity and compartmentalisation (Vatnaskil, 2016). 

Electricity generation from high and low-pressure steam began in 1977, although 

initially only at a rate of 7MWe despite the 60MWe design of the plant (Mortensen, et al., 

2015). Thirteen wells were drilled during 1980-83, leading to the first 30MWe turbine 

reaching capacity. Ownership of the Krafla Power Plant transferred to Landsvirkjun in 1985 

after being initially built and operated by the Icelandic government (Landsvirkjun, n.d.). 

Additional drilling and installation of a second turbine over the following years allowed the 

plant capacity to reach the planned 60MWe capacity in 1997, with an annual generation 

capacity of 500 GWh p.a. (Landsvirkjun, n.d.). 

Reinjection of fluid began in 2002 at a rate of 50-70kg/s of separated brine at a depth of 

2,000m (Mortensen, et al., 2015). For the first time in a high temperature well in Iceland, 

chemical scaling inhibiting apparatus was installed in KJ-28 - a production well in the upper 

Leirbotnar system - to prevent calcium deposits. 

Due to the ongoing influence of magmatism on the geothermal system, it is almost 

certain that the system was not at steady-state conditions when exploitation began. This 

influence shows in the chemical composition of geothermal fluids observed over the years. 

The gaseous content of surface geothermal fluids at Krafla was first tested in 1889 and has 

been monitored to various degrees since, showing a dramatic increase in gaseous emissions 

with the onset of the Krafla Fires (Mortensen, et al., 2015). The CO2 content in Hveragil, 

Víti and the Leirhnjúkur area increased during the Fires, whilst Suðurhlíðar and Hvíthólar 

remained minimal. The ratio of CO2/H2S often taken as an indicator of magmatic gas, 

increased significantly in several fumaroles during the Fires, as well as in Leirbotnar, 

Hveragil and Víti. In addition to showing the perturbation of the system by magmatism, the 

non-homogenous response also highlights its complexity. 

1.1.3 History of exploration at Krafla 

Much of the geological exploration of the Krafla system has historically been in the 

context of geothermal resources, although increasing scientific interest is shown in the 

Krafla volcanic system for magmatic scientific research. Some of the most significant 

exploration results are summarised below, although this is by no means exhaustive. Focus 

is given to the datasets used within the modelling undertaken in this work. 

1.1.3.1 Geological mapping 

Kristján Sæmundsson of ÍSOR created one of the most recent and comprehensive 

geological maps for the Krafla area (Sæmundsson, 2008), shown previously in Figure 1.2. 

Geological mapping of the Krafla area shows a history influenced by both axial rifting and 

central volcano activity. Rhyolitic domes and ridges are evident near the caldera rim, which 

is skirted by silicic tuffs, whilst basaltic lava flows and hyaloclastite largely fill the caldera 

and characterise the rift. 



1.1 KRAFLA GEOLOGICAL BACKGROUND

    

9 

1.1.3.2 Drilling data 

A total of 47 wells have been completed in the immediate Krafla area (Figure 1.3), all 

for geothermal exploration except for the scientific IDDP-1 well. These have many 

associated datasets such as geological logging of drill cuttings and downhole geophysics. 

Lithological logging of drill cuttings is available for all but 5 wells, although some contain 

large intervals for which no cuttings returned. Alteration minerals are also recorded for all 

but 6 wells; displaying a prograde hydrothermal alteration assemblage (Guðmundsson & 

Mortensen, 2015). Downhole well temperature data is available for 44 of the wells, and 

pressure data for 38. 

The area is characterised by near-surface post-glacial basaltic lavas, underlain by 

hyaloclastites from the last glacial stage and earlier, which are underlain in turn by 

interglacial lavas (Zierenberg, et al., 2013).  From approximately 1,200m, intrusive rocks 

become increasingly dominant and coarse grained; frequently doleritic and sometimes 

gabbroic, with much less abundant acidic intrusions. 

Wells K-39 and IDDP-1 intersected rhyolitic magma below the Suðurlíðar and Vítismor 

fields respectively. K-39 was a Landsvirkjun geothermal exploration well completed in 2008 

to a depth of 2,865m MD (Mortensen, et al., 2015), whilst IDDP-1 was the first well of the 

IDDP collaboration. The latter was designed to target supercritical conditions and high 

permeabilities at 4-4.5km depth (Friðleifsson, et al., 2014), however the well was completed 

in 2009 to a depth of only 2,104m MD after intersecting rhyolitic magma at approximately 

2,100m MD (Mortensen, Egilson, Bjarni, Árnadóttir, & Guðmundsson, 2014). Drill cuttings 

and geophysical logs were collected and used to interpret stratigraphy, alteration mineralogy 

and temperature, although some logs were not completed to the bottom of well due to failure 

of the casing. Basaltic lavas and hyaloclastite dominate to a depth of 1,362m MD, followed 

by an intrusive complex of basalts and rhyolite until 2,020m, with granophyre and rhyolite 

below this. When considering the contact of the magma in IDDP-1, granoblastic hornfelses 

in the immediately adjacent host rock show the presence of a conductive boundary layer, 

whilst two pyroxenes present suggest temperatures of 800-950°C (Schiffman, Zierenberg, 

Mortensen, Friðleifsson, & Elders, 2014). It is likely that the body emplaced recently or has 

undergone little subsequent alteration by hydrothermal fluid flow, since the country rock 

more than 30m from the intrusive contact is mostly unaltered. Whilst some of the observed 

melt vesiculated whilst entering the well, most cuttings were quenched sparsely phyric low-

vesicle glass, with phenocrysts consisting of titanomagnetite, plagioclase, augite, and 

pigeonite (Zierenberg, et al., 2013). The elemental composition suggests formation by 

partial melting of basaltic crust at depth. 

In addition to the two wells intercepting magma, many wells returned acidic fluids 

presumably derived from magmatic gases (Einarsson, et al., 2010). In particular, fluids from 

K-04, K-10, K-25, and K-36 are thought to reflect “near-magma” conditions (Guðmundsson 

Á. , pers. comms., 2017), with the fluids in K-36 so corrosive that they required cementing 

off (Mortensen, et al., 2015). 

  



  CHAPTER 1: INTRODUCTION 

10 

1.1.3.3 Gravity methods 

Gravity methods measure the spatial variations in the Earth’s gravitational field, 

revealing density contrasts in the subsurface due to geological structures, as well as 

approximating mass extraction during exploitation (Flóvenz, Hersir, Sæmundsson, 

Ármansson, & Friðriksson, 2012).  

Bouguer gravity highs at the caldera rim show a steep gradient towards a gravity low in 

the centre, (Figure 1.4), which is posited as a buried inner caldera (Árnason, Vilhjálmsson, 

& Björnsdóttir, 2011). The steep gradients suggest a shallow feature and are therefore 

unlikely to be due to a deep structure such as dense intrusions. Instead, they are thought to 

result from hyaloclastite fill of the inner caldera contrasting with denser subaerial lavas of 

the surrounds. Additional WNW-ESE trending gravity lows are shown in Figure 1.4 and 

may be fault related, such as the possible graben structure interpreted by Árnason et al.  

 

 

Figure 1.4 Bouguer Gravity anomaly (Árnason, 

Vilhjálmsson, & Björnsdóttir, 2011), overlain with well 

locations and S-wave shadow (Einarsson P. , 1978). 
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Gravity surveying undertaken in 2007-2008 showed that three silicic domes around 

Krafla’s caldera rim have significantly lower density than the surrounding rock, with no 

roots or younger volcanic cover detected, suggesting dyke emplacement (Ágústsdóttir, 

Guðmundsson, & Einarsson, 2008). The domes studied were the rhyolitic Hlíðarfjall formed 

90,000 years BP, the rhyolitic Hrafntinnuhryggur formed 24,000 years BP, and the dacitic 

Hraunbunga formed 10,000 years BP. The first two are labelled on Figure 1.2, whilst 

Hraunbunga is to the South of the map. 

1.1.3.4 Magnetic methods 

Magnetic methods measure spatial variations in the Earth’s magnetic field, which can 

reflect geological structures and low magnetism areas caused by hydrothermal alteration.  

The Science Institute at the University of Iceland generated an aeromagnetic map for 

Orkustofnun in 1970; surveying the area with equipment designed and built in-house 

(Mortensen, et al., 2015) (Guðmundsson, et al., 1971). Figure 1.5 shows the resulting survey, 

with a NNE-SSW anomaly trending along the fissure swarm and a WNW-ESE anomaly like 

those exhibited by gravity and MT resistivity geophysical methods. The survey took place 

long before GPS positioning, and is therefore very low accuracy. 

Analysis of core obtained from two wells on the caldera rim show that this reduction in 

natural remnant magnetism is largely due to the maghematisation of basalts altered in the 

chlorite zone; diminishing the strong magnetism of the original Titanomagnetite (Oliva-

Urcia, Kontny, Vahle, & Schleicher, 2011).  

 

 

Figure 1.5 Airborne magnetics survey from 1970 

(Guðmundsson, et al., 1971). Isolines digitised (nT). 
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1.1.3.5 Geodetic methods 

Geodetic methods monitor vertical and/or lateral movement of the ground surface, 

caused by tectonics, magmatism, isostatic adjustment, or mass extraction during geothermal 

exploitation. Krafla is affected by all these factors to varying degrees over time. 

Levelling, tilt and GPS recorded deformation between 1989-2005, to infer a magma 

chamber at 2-3km depth and approximately beneath the spreading axis (Sturkell, 

Sigmundsson, Geirsson, Ólafsson, & Theodórsson, 2008). Reinterpretation of this data led 

to a newly calculated centre of inflation of a similar size but located at 4.3km depth 

approximately below the Leirhnjúkur geothermal field (Heimisson, Einarsson, 

Sigmundsson, & Brandsdóttir, 2015). For ease of reference, these will be referred to as 

“Sturkell” and “Heimisson” chambers in this study. Figure 1.6 shows these locations as a 

1km radius zones. 

Deformation since the Krafla Fires is largely thought to reflect magma chamber pressure 

and tension release in the lithosphere after sheet intrusions (Mortensen, et al., 2015). 

 

 

Figure 1.6 Geodetic source locations shown with 1km 

radius as black circles, labelled with elevation of centroid 

(Sturkell, Sigmundsson, Geirsson, Ólafsson, & Theodórsson, 

2008), (Heimisson, Einarsson, Sigmundsson, & Brandsdóttir, 

2015). Geological map (Sæmundsson, 2008). S-wave shadow 

(Einarsson P. , 1978). 

 



1.1 KRAFLA GEOLOGICAL BACKGROUND

    

13 

1.1.3.6 Seismic methods 

Passive seismic monitoring records the micro-seismic events that occur naturally and are 

induced by activities such as geothermal exploitation, whereas active seismics make use of 

events artificially created for this purpose. By maintaining seismometers at several locations, 

it is possible to calculate the location and depth of events, as well as when they occurred 

(Flóvenz, Hersir, Sæmundsson, Ármansson, & Friðriksson, 2012). Recording numerous 

events allows the velocity structure of the subsurface to be determined, in terms of how 

quickly pressure waves (P-waves) and shear waves (S-waves) propagate. P-wave velocity 

(VP) is often used as a proxy for rock density, whilst the ratio of P-wave velocity to S-wave 

velocity (VP/VS) is often used as a proxy for porosity. Since S-waves cannot travel through 

liquid medium, signals terminate at the brittle-ductile boundary and create shadows around 

magma bodies (Flóvenz, Hersir, Sæmundsson, Ármansson, & Friðriksson, 2012). P-waves 

are also slowed by liquid medium. The vertical uncertainty of events is generally greater 

than lateral and can be quite considerable (Eisner, Duncan, Heigl, & Keller, 2009). 

The seismic events recorded at Krafla in 2016 & 2017 are shown in Figure 1.7, with 

most clustered around the well locations and likely resulting from geothermal exploitation. 

Since brittle deformation cannot occur within liquids, each event could be interpreted to 

indicate a lack of magma at their location, however seismic events are also inherently 

associated with the fracturing of host rock as intrusions propagate. In this way, whilst events 

may rule out the presence of a large magmatic body such as a chamber, they may also 

indicate the active intrusion of smaller bodies.  

 

  
a) Looking down b) Looking North 

Figure 1.7 2016 & 2017 Seismic events shown as green 

dots (Weisenberger, 2016) with gravity map (Árnason, 

Vilhjálmsson, & Björnsdóttir, 2011) 
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An S-wave shadow was first identified at Krafla using earthquakes recorded during an 

inflationary period of the Krafla Fires, suggesting an EW oriented chamber of approximately 

2km by 7km at ~3km depth, seemingly divided towards the top (shown previously in Figure 

1.6) (Einarsson P. , 1978). The thickness of the magma chamber was later constrained to 

<1km by interpretation of earthquakes from an inflationary period in 1988, also confirming 

the 3km depth for the top of the chamber (Brandsdóttir & Menke, 1992). 

Using data gained by dense network seismic monitoring of the Krafla Volcanic System 

in 1985, Foulger and Arnott modelled the seismic velocity structure to reveal a low velocity 

volume beneath the Krafla geothermal area and high velocity bodies beneath the caldera rim 

attributed to gabbroic intrusions (Arnott & Foulger, 1994). Greatest seismicity was observed 

in the geothermal areas, particularly beneath Leirhjúkur, where they interpret a zone of 

fracturing possibly acting as a conduit from the magma chamber.  

Subsequent studies showed a 40km wide high-velocity dome extending from 11-14km 

depth, narrowing upwards towards the volcano (Brandsdóttir B. , Menke, Einarsson, White, 

& Staples, 1997). Unlike the previous model, only minor lateral heterogeneities occur in the 

upper 2.5km, and lower near-surface velocities were observed. A magma chamber at around 

3km depth was interpreted from 0.2-0.3s compressional wave delays and the S-wave 

shadow, with proposed dimensions of 0.7-1.8km thickness, 2-3km N-S, and 8-10km E-W.  

Schuler et al. created a seismic velocity model for the shallow crust beneath Krafla, based 

on 3D tomographic inversion of both passive and active seismics between 2009-2012 

(Schuler, et al., 2015). The model reveals higher P-wave velocities beneath areas of higher 

topographic relief, as well as two areas of low P-wave velocity beneath the Leirhnjúkur 

geothermal field corresponding to the S-wave shadows observed during the Krafla Fires 

(Figure 1.8). A shallow region of low VP/VS at -0.5-0.5km BSL is underlain by a region of 

high VP/VS between 0.5-1.5km BSL due to lower porosity and crack densities in the deeper 

zone (Figure 1.9). Schuler et al. suggest that a superheated steam zone within felsic rock 

overlying felsic melt is responsible for a low VP/VS anomaly underlying these zones. The 

model was provided as a grid of points and re-interpolated for the figures below. 

 

 

Figure 1.8 Interpolated VP model from Schuler et al. Linear 

interpolant in Leapfrog Geothermal, parameters in Table 5.11. 

Vertical slice on 105° strike, viewed NNW. 
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Figure 1.9 Interpolated VP/VS model from Schuler et al. 

Linear interpolant in Leapfrog Geothermal, parameters in 

Table 5.12. Vertical slice on 105° strike, viewed NNW. 

 

Shear wave splitting revealed at least two fracture-systems oriented approximately N-S 

and E-W; the first correlating with the Krafla rifting and the second posited to be reinjection 

related (Tang, Rial, & Lees, 2008). The second orientation would also correlate 

approximately with the WNW-ESE anomalies observed in many of the geophysics datasets. 

Vertical seismic profiling was undertaken in 2014 for receivers located in two wells, 

with zero-offset and far-offset surveys using air-gun sources and walk-away surveys using 

dynamite charges (Reiser, et al., 2017). A 1D velocity model was able to explain the 

reflections from key geological boundaries, but a high degree of seismic scattering reduced 

the amplitude of deeper reflections, and the walk-away results will require a 2D model. 

Strong S-wave reflections below well K-18 in the zero-offset results may be the result of a 

magma chamber at 2.5-3km depth (Planke, et al., 2016). The presence of other fluids below 

the well is unlikely as they were not detected within the well. It is hoped that these techniques 

may be able to identify magmatic bodies ahead of drilling. 

1.1.3.7 Electrical methods 

Resistivity methods measure the electrical resistivity of the subsurface, by creating an 

electrical current and monitoring the induced signals, which are highly dependent on 

alteration minerals and temperature (Flóvenz, Hersir, Sæmundsson, Ármansson, & 

Friðriksson, 2012). Magmatic material should also cause reduced resistivity values (Heise, 

Caldwell, Bibby, & Bennie, 2010). Active approaches include Direct-Current, which passes 

current through electrodes in the ground, Electro-Magnetic that induces a current by 

applying an external magnetic field, and Transient-Electro-Magnetic, which applies a time-

varying magnetic field and measures the decaying signals of the field induced within the 

Earth (Flóvenz, Hersir, Sæmundsson, Ármansson, & Friðriksson, 2012). Passive approaches 

include Magneto-Telluric (MT), which monitors the alternating currents induced by the 

Earth’s magnetic field.  
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The 3D MT inversion model of Krafla shows a profile that is generally consistent with 

similar high temperature systems, with resistive unaltered basalt overlying a high 

conductivity smectite-rich zone, underlain by a more resistive epidote-chlorite zone 

(Gasperikova, Rosenkjær, Árnason, Newman, & Lindsey, 2015), (Rosenkjær, Gasperikova, 

Newman, Árnason, & Lindsey, 2015). The ESE-WNW anomalies observed in the gravity 

and magnetic surveys also appear prominently (Weisenberger, et al., 2015). This model was 

provided as a closely spaced grid and is shown interpolated in Figure 1.10. 

 

  
a) Vertical slice on 8° strike. b) Horizontal slice at 1,500m BSL. 

Figure 1.10 Interpolated MT resistivity inversion model - 

logarithmic values shown in Ωm. Spheroidal interpolant in 

Leapfrog Geothermal, parameters in Table 5.13. Overlain with 

S-wave shadow (red) (Einarsson P. , 1978), and linear 

structures (green) interpreted from gravity data (Árnason, 

Vilhjálmsson, & Björnsdóttir, 2011). 

 

1.2 Geostatistical techniques 

Geostatistics are a set of tools for analysing datasets that have a spatial component, 

accounting for the spatial continuity that is observed in numerous natural phenomena (Isaaks 

& Srivastava, 1989). Many geostatistical techniques exist for characterisation and 

subsequent interpolation between sample locations based on this information, either as 

estimates or simulation realisations.  
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1.2.1 The variogram 

The experimental variogram is a fundamental tool used in geostatistics for measuring 

how related samples are spatially. It calculates the average semivariance between pairs of 

samples, separated by multiples of a chosen lag distance up to a maximum number of lags. 

The lag is assigned a tolerance, as well as a bandwidth and angular tolerance if calculating 

directional variograms in different orientations (Figure 1.11).  

On a regular grid, variograms can be simply calculated in lag vectors. Inherent variability 

is represented by the y-intercept and termed the “nugget”, whilst the stable maximum 

semivariance – indicating that values are unrelated - is termed the “sill”. The “range” refers 

to the separation distance at which the sill is reached. If semivariograms characteristics vary 

with orientation, they are termed anisotropic. Geometric anisotropy refers to a constant sill 

reached at different ranges in different orientations, while zonal anisotropy refers to different 

sills reached but at constant ranges. Mixed anisotropy can also occur. Various model 

structures with positive definite functions can be combined to approximate the experimental 

data. 

 

  
a) Geometric parameters b) Experimental variogram 

Figure 1.11 a) Experimental variogram geometric 

parameters defining the hatched region, & b) example 

experimental variogram with fitted model. 

 

Variograms are used in the project to characterise the continuous VP and VP/VS models 

prior to kriging, while indicator variograms characterise non-intrusive class from the well 

lithologies prior to SIS simulation. They are also used to compare TIs and realisations but 

can only characterise point-to-point relationships and therefore cannot capture complex 

patterns.  

  



  CHAPTER 1: INTRODUCTION 

18 

1.2.2 Estimation 

Deterministic estimation techniques produce only one interpolated result, generally 

designed to optimise a measure of performance. Results are often smoothed in a manner 

which is non-uniform and increases away from data locations (Goovaerts, 1997). One of the 

most basic methods is Nearest Neighbour estimation, which simply assigns the most likely 

value – either the most probable class or the mean of continuous values – obtained from a 

given number of the closest samples.  Inverse distance weighting uses a weighted average 

of the available data, determined by the distance of samples from the estimation location. 

This can be given a linear or exponential decay.  

Kriging is one of the most commonly used techniques and has the advantage of aiming 

to minimise the variance of errors, as well as the mean error – leading to it being termed the 

“best” linear unbiased estimator (Isaaks & Srivastava, 1989). This approach relies on a 

variogram model fitted to experimental data, from which semivariance values can be drawn 

for the distances between informing samples, and between the informing samples and 

estimation location. A search neighbourhood constrains the samples informing an estimation 

location. As such, the results of kriging are dependent upon not only the number and 

proximity of samples, but also their arrangement and the nature of the phenomenon being 

estimated (Isaaks & Srivastava, 1989). These factors interact, for example, erratic 

phenomena may be better estimated by several distal samples than a single proximal sample 

and may make very closely spaced samples less redundant.  

Kriging variance (1) – minimised by kriging – gives the expected variance �̃�𝑅
2 at a 

prediction location, given the factors discussed above. �̃�00 denotes the “nugget”, whilst �̃�𝑖𝑗 

is the covariance between the ith and jth samples and �̃�𝑖0 is the covariance between the ith 

sample and the unknown value being estimated (Isaaks & Srivastava, 1989).  

 

�̃�𝑅
2 = �̃�00 +  ∑ ∑ 𝑤𝑖𝑤𝑗�̃�𝑖𝑗 − 2 ∑ 𝑤𝑖�̃�𝑖0

𝑛

𝑖=1

𝑛

𝑗=1

𝑛

𝑖=1

 

(1) 
 

There are numerous variants of kriging, with some of the most important briefly 

described here. Simple kriging assumes stationarity of the first moment for the entire model 

space, such that there is a constant mean. Ordinary kriging assumes this stationarity only 

over the smaller volume of the search neighbourhood, with a locally varying mean. Indicator 

kriging uses indicator functions to estimate probabilities of categorical classes rather than 

values of the random variable itself and is therefore used for estimating categorical variables 

such as lithology classes. Co-kriging can take advantage of more extensively sampled 

auxiliary variables correlated to the variable of interest, whilst Universal kriging can account 

for non-stationary trends. 

Nearest neighbour, inverse distance weighting & ordinary kriging are used variously in 

the project for interpolating the geophysics datasets and cone-sheet structural fields, 

assigning HD to the nearest grid nodes, and determining representative realisations for the 

realisation distance cluster means. 
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1.2.3 Stochastic simulation 

Stochastic simulation generates model realisations using one or more random 

components. Conditional simulation refers to when such models are constrained with Hard 

Data (HD). In the field of geostatistics, stochastic simulation may attempt to reproduce 

global statistics defined by a model of spatial variability such as a variogram or can employ 

object-based approaches such as Boolean simulation. Multiple Point geo-Statistics (MPS) is 

a relatively new approach which attempts to reproduce higher order spatial relationships. 

1.2.3.1 Traditional geostatistical simulation 

Sequential Gaussian Simulation and Sequential Indicator Simulation (SIS) aim to 

reproduce the histogram and spatial covariance of the estimated attributes by drawing from 

a conditional Cumulative Distribution Functions (CDF) estimated by kriging at each 

sequentially simulated node on a random path (Goovaerts, 1997). Since this relies upon a 

variogram model, such techniques are unable to reproduce the complex, curvilinear 

structures frequently encountered in geology. HD is simply transferred to the simulation grid 

prior to commencing. Sequential Gaussian Simulation is used for continuous variables while 

SIS is suitable for categorical variables. In the project, SIS is used to generate realisations 

for grouped lithology coding irrespective of whether magmatic. 

Boolean Simulation pieces together individual objects with parameterised geometries 

and applies rules to their interaction. Whilst able to recreate complex geometries, it is 

difficult to condition the realisations to available HD. 

1.2.3.2 MPS 

MPS is a more recent branch of geostatistics that makes use of Training Images (TI) to 

characterise the spatial variability or texture of natural phenomena, which are then simulated 

stochastically (Mariethoz & Lefebvre, 2014). These techniques have greater potential for 

recreating complex geological features whilst honouring conditioning data. In addition to 

conditioning with HD, some methods can make use of “soft data” by providing local target 

probabilities, which are subsequently combined with the HD to produce a combined 

probability for the node.  

Numerous MPS algorithms have been developed, each with their own advantages, and 

disadvantages. The common “Multiple Point” element is that they attempt to characterise 

spatial continuity over more than two points (Mariethoz & Caers, 2015). Similar techniques 

are employed in video games and animated films, using exemplars to generate realistic 

looking graphical textures. Since earth science datasets are generally too sparse to permit 

inference of the MPS present, training images are used to provide an analogue for these 

relationships (Strebelle, 2002). The use of TIs in this manner is a significant development 

and allows the incorporation of conceptual models and additional data sets into stochastic 

modelling (Mariethoz & Caers, 2015). 

A data event describes the combination of nodes informing a simulation node, and their 

values. MPS techniques either analyse the entire TI initially to determine the conditional 

CDF for each data event and store this in a database, or randomly sample the TI successively 

for each node.  
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Since each conditional CDF should be conditioned by the original data and all previously 

simulated values, the processing time for each conditional CDF becomes longer throughout 

the sequential process (Arpat G. , 2005), which can be a serious problem for large 

simulations. To counter this, some MPS algorithms use a search neighbourhood defined in 

relation to the simulation node, limiting the spatial extent of a point’s influence. This 

controls the order of the statistics considered (Mariethoz & Caers, 2015). Several algorithms 

do this by specifying a template of fixed node locations to be considered in relation to the 

simulation node. Other use flexible neighbourhoods, such as simply using a given quantity 

of the closest nodes to the simulation node, although care must be taken that long-range 

correlations are not lost.  

Another approach is to use set grids to analyse the TI. Using a coarser grid may reduce 

computational requirements but risks not capturing short-range correlations. Multiple grid 

approaches are available for many of the algorithms, using an initially coarse grid to account 

for long-range correlations that condition subsequent finer grids. Limitations arise from the 

assumption that coarse template sampling of coarse data events is also representative of the 

fine data events when done successively, which may not hold true when sampling complex 

multiple scale patterns (Arpat G. , 2005). In addition, potentially bad decisions can be made 

at the coarse template scale when informed by little conditioning data, which cannot then be 

revised at finer scales, and therefore propagates. By combining a neighbourhood with 

several sparse grids of multiple sizes, the effect can be minimised whilst still improving 

processing times. A persistent issue with coarse grids however, is that conditioning data may 

be moved or interpolated to another node location on the grid, in which case the data is no 

longer properly honoured.  

Despite innovative approaches to improve the efficiency of algorithms, the frequently 

large and multidimensional datasets involved mean that MPS remains computationally 

demanding, both in terms of random access memory and central processing unit capacity.  

 

The success of MPS is highly dependent on the appropriateness of the TI used, which 

should contain repeated instances of the geological textures to be modelled. In theory, this 

may be obtained through actual measurement of a geological feature such as mapping, may 

be based on conceptual models, or may be entirely synthetic.  

In any case, the image must provide sufficient constraints to make use of the assumed 

knowledge of the spatial variability or texture of the features, whilst permitting sufficient 

freedom to produce variability between the simulations (Mariethoz & Caers, 2015). 

Evidently it is not desirable to reproduce simulations which are almost identical to the 

training image, nor those which bear no resemblance. Frequently, the aim is to generate 

similar small-scale features to the training image, whilst introducing significant 

randomisation at a larger scale. 

It is generally necessary that the TI be stationary; with a probability distribution that does 

not vary spatially, although some algorithms such as DeeSse can overcome this with the use 

of auxiliary variables defining the variability. Similarly, whilst DeeSse can produce non-

stationary simulations by varying the affinity, rotation, or target probability of features 

spatially, some MPS techniques can only produce stationary simulations.   

Figure 1.12 shows an example of a stationary TI and three non-stationary TIs. The first 

non-stationary example exhibits rotational non-stationarity, in which the rotation of patterns 

varies spatially. The second exhibits affine non-stationarity, with patterns that vary in size 

or aspect spatially. The final example shows a non-stationary pattern, in which the 

proportion of the classes, i.e. the local probability varies spatially.  
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a) Stationary b) Rotational non-stationarity 

  
c) Affine non-stationarity d) Probability non-stationarity 

Figure 1.12 TIs showing a) stationarity, b) rotational non-

stationarity, c) affine non-stationarity, & d) local probability 

non-stationarity. 

 

The pixel-based Extended Normal Equation SIMulation (ENESIM) algorithm 

(Guardiano & Srivastava, 1993) constitutes the first implemented MPS algorithm, however 

its use has been limited by high CPU requirements (Mariethoz & Caers, 2015). The process 

is based upon Sequential Gaussian Simulation, however instead of performing kriging at 

each successive simulation node, the TI is scanned, and the conditional probabilities 

calculated for the occurrence of the corresponding data event. The algorithm is limited to 

categorical variables. 

Single Normal Equation SIMulation (SNESIM) was introduced in 2000, with the 

advantage of storing the TI events in a “search tree” data structure rather than searching the 

TI each time, permitting much faster operation (Strebelle, 2002). Since only patterns 

encountered in the TI are stored in the search tree, complex TIs and large templates can lead 

to too few instances of a data event being encountered. The algorithm deals with this by 

excluding a data node, generally the most distant, and repeating the look-up, which can lead 

to the loss of large scale information (Arpat G. , 2005). Like ENESIM, the algorithm is 

limited to categorical variables. At least three levels of multiple grids should be employed, 

or possibly more if large-scale structures are present that need to be accounted for 

(Mariethoz & Caers, 2015). Despite faster operation than ENESIM, the search tree may still 

grow to several gigabytes in size for large training images (Arpat & Caers, 2007).  
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An alternative approach is employed by the SIMulation with PATterns (SIMPAT) 

algorithm, which follows a random path in the simulation grid and stochastically pieces 

together patterns obtained by scanning the TI with a template and constraining with the local 

data (Arpat G. , 2005) (Arpat & Caers, 2007). This contrasts with the ENESIM and SNESIM 

approaches of simulating single nodes based on their calculated conditional probability. As 

such, pattern-to-pattern relationships are considered rather than point-to-point relationships 

as in variogram based approaches, or pattern-to-point relationships such as SNESIM. This 

“patching” approach is generally faster than pixel-based techniques (Mariethoz & Caers, 

2015). SIMPAT can simulate both categorical and continuous variables. A database of 

occurring patterns is constructed when the TI is initially scanned. Each simulation node is 

then visited sequentially in a random path and assigned the pattern from the database that 

most closely matches the data event, which can necessitate the updating of previously 

assigned values (Arpat & Caers, 2007). If nodes are completely uninformed, a pattern is 

randomly drawn from the database; similarly, if several patterns provide the best match to a 

data event, one of these is randomly assigned. The degree of dissimilarity between the data 

event and patterns are quantified using a measure of distance, such as the Manhattan 

Distance - see “Normalised City Block - 0”. Whilst large templates better recreate 

correlations over a range of scales, this is very computationally expensive for the CPU, and 

multiple grids are instead used to mitigate these issues (Arpat & Caers, 2007).  

The FILTER-based SIMulation (FILTERSIM) algorithm applies local filters to the TI to 

group patterns into classes and can simulate both categorical and continuous variables 

(Zhang, 2006). The filters are a range of local templates with weightings for the different 

node locations within it, which results in a filter score when applied to a local pattern. Once 

transformed into filter score space and partitioned, similar patterns can be classified. A 

random path is followed within the simulation grid, using the local conditioning data to 

choose the most similar pattern class, which is then sampled for a specific pattern and 

patched into the simulation grid. Multi-grid approaches can be used with FILTERSIM; the 

simulated values from coarser grids being submitted to finer grids before being re-simulated.  

Subsequent modifications include improvements to processing speeds by replacing the 

pixel-wise calculation of distance between patterns and the conditioning data, instead using 

a filter score comparison (Wu, Zhang, & Journel, 2008). 

DIStance based PATtern modelling (DISPAT) quantifies the variability between 

patterns within the TI using a pair-wise distance technique, each of which are represented as 

a single point and then grouped into clusters of similar patterns via Multi-Dimensional 

Scaling (MDS) (Honarkhah, Stochastic simulation of patterns using distance-based pattern 

modeling, 2011) (Honarkhah & Caers, 2010). DISPAT can simulate both categorical and 

continuous variables. Various other improvements were suggested, including automatic 

template size selection using entropy, automatic determination of an appropriate number of 

clusters, and a method to optimise relocation of hard data. In addition, a technique for 

comparing variability between resulting models was created based on the Jensen-Shannon 

divergence. 

The Improved Multiple-point Parallel Algorithm using a List Approach (IMPALA) 

algorithm modified the SNESIM approach by replacing the search tree with lists, permitting 

parallelisation of the code (Straubhaar, Renard, Mariethoz, Froidevaux, & Besson, 2011). 

IMPALA is limited to categorical variables. The algorithm has been implemented by 

Ephesia Consult in various software packages including ISATIS, SKUA-GoCAD & 

Jewelsuite. 
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Cross-Correlation Simulation (CCSIM) combines a cross-correlation function with an 

overlap strategy, and adaptive recursive pattern splitting along a raster path (Tahmasebi, 

Hezarkhani, & Sahimi, 2012). This method does not require the creation of a large database 

and can be used for categorical and continuous variables.  

Conditional image quilting is a simulation technique adapted from computer graphics 

texture generation, to allow the use of conditioning data (Mahmud, Mariethoz, Caers, 

Tahmasebi, & Baker, 2014). The technique has the advantage of drastically reduced 

processing times whilst producing similar results to those of other algorithms at the time of 

publishing. It can be used for both categorical and continuous variables. 

 

The DeeSse algorithm is an implementation of the Direct Sampling (DS) technique, 

developed and patented by the University of Neuchâtel. It has been subsequently 

implemented in Petrel software by Ephesia Consult as well as AR2GEMS software. It uses 

a search neighbourhood to sample the TI repeatedly, rather than combining multiple grids 

with a database to store conditional probabilities (Mariethoz, Renard, & Straubhaar, 2010). 

The method preferentially uses the closest samples to the estimation location, up to a 

maximum sample count, meaning that the radius of the data event gradually reduces as the 

simulation progresses and removes the stepwise reduction in data event size inherent in 

multiple grid approaches. Non-stationary patterns can be simulated by applying rotation and 

affinity transformations to the data events when sampling a stationary TI. Alternatively, 

secondary variables can be used to sample a non-stationary TI in the same manner. DeeSse 

allows simulation of categorical and continuous variables. 

Distance quantifies the dissimilarity of a data event to a match in the TI, with simple 

matching coefficient distance used for categorical variables. Although normalised city block 

distance is implemented for continuous variables in AR2GEMS, Mariethoz et al. have also 

proposed weighted Euclidian distance - allowing for the far lower likelihood of finding an 

exact match in the TI (Mariethoz, Renard, & Straubhaar, 2010). See “1.4.5 Distance & 

model dissimilarity” for additional background. 

 

Figure 1.13 shows the steps involved in DeeSse simulation on a 2D square grid with a 

TI of equal size – based on the published explanation of the algorithm’s workings 

(Mariethoz, Renard, & Straubhaar, 2010). Whilst numerous parameters can be altered, the 

effects of several key values are illustrated. A 0.25 acceptance threshold is used in the 

example; defining the maximum distance permissible for a data event match in the TI. A 

scanning fraction of 1.0 allows the entire TI to be scanned if the acceptance threshold is not 

satisfied. If the scan fraction is reached without meeting the acceptance threshold, the match 

with the lowest distance is used. A maximum of 10 nodes are permitted in each data event, 

whilst an elliptical neighbourhood search of (5,3) constrains the maximum distance nodes 

may be from the simulation location to be included in the data event. If the maximum number 

of nodes is exceeded, the most distant are discarded. 

The locations of nodes informing each data event are stored as vectors in relation to the 

node being simulated, such that the Node 2 data event in Figure 1.13f has lag vectors L = 

{(-2,1), (-2,2), (-2,3)}. These define the extents of the search window within the TI, which 

must retain margins to account for these lags, shown as a greyed-out area. 
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a) Simulation grid with HD 

 

b) TI  

   

c) Node 1 data event is 

uninformed as no HD or 

simulated nodes within 

neighbourhood 

 

d) Random node is found 

within TI 

e) Node 1 assigned value from 

random TI node 

   

f) Node 2 data event in 

random path, with 3 

neighbours 

g) TI scanned linearly from 

random location for Node 2 

data event, until distance 

<0.25 is obtained. 

 

h) Node 2 assigned based on 

complete match in TI 
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i) Node 3 data event in 

random path, with 9 

neighbours 

 

j) TI scanned for Node 3 data 

event. Distance of 0.22 

obtained 

 

k) Node 3 assigned based on 

partial data event match in TI 

 

   

l) Node 4 data event in 

random path, with 10 

neighbours. The furthest 

node (green) is excluded 

from data event, as number 

of max nodes are exceeded 

m) TI scanned for Node 4 data 

event. Distance of 0.2 

obtained 

n) Node 4 assigned based on 

partial data event match in TI 

Figure 1.13 2D DeeSse simulation steps based on 0.25 

acceptance threshold, 1.0 scanned fraction, & 10 max nodes in 

elliptical search neighbourhood (5,3). 

1.3 Machine learning techniques 

Machine learning algorithms are designed to improve their performance of a task when 

supplied with additional data. Supervised techniques train the algorithm with both the input 

and desired output for a training dataset, whilst unsupervised techniques allow the algorithm 

to determine patterns from the input only. Various algorithms exist for both regression and 

classification tasks – some of which overlap with geostatistics, e.g. kriging which is a form 

of Gaussian Process Regression. Due to the size and complexity of the field, only a brief 

description of the basic techniques used for classification and clustering in the project are 

given here. 
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1.3.1 Supervised classification algorithms 

Supervised classification algorithms predict categorical variables and are trained with 

features containing both explanatory variables and output classes. Models like Random 

Forest are average based and cannot be used to extrapolate, whereas others such as Gaussian 

Process classifiers (GP), Logistic Regression (LR), artificial Neural Networks (NN), and 

Support Vector Machines (SVM) can do so, although not necessarily meaningfully. These 

are used in the project to create a magma probability model based on the exhaustive 

geophysics “soft” data. 

In LR models, the probability of a binary categorical dependent variable is defined by a 

linear combination of explanatory variables (Scikit-learn, n.d.). GP models define a prior 

univariate or multivariate normal distribution from a covariance function, which is then 

fitted to available samples (Scikit-learn, n.d.). NN models use a network of artificial neurons 

with weighted connections. Following initial signals via the input units, connected units sum 

the weighted signals that they receive and if exceeding a threshold value, will activate 

themselves until reaching the output units (Scikit-learn, n.d.). The weightings are tuned by 

the training data. SVM classification models construct a hyperplane decision surface, with 

probabilities indirectly calculated by Platt Scaling (Scikit-learn, n.d.). 

Appropriate measures of performance are required to compare such models. Area Under 

the Receiver Operating Characteristic Curve (AUROC) plots the rate of true positives 

against false positives for a range of threshold values and calculates the area under the 

resulting curve; with 0.5 being the worst score and 1 being a perfect predictor (Elite Data 

Science, 2017). Accuracy simply describes the proportion of correctly classified samples, 

although unbalanced training data can make this metric misleading since high scores can be 

obtained by simply assigning all locations to be a single class.  Therefore, it is also important 

to consider the number of unique classes predicted.  

1.3.2 Multi-dimensional scaling 

Multi-Dimensional Scaling (MDS) can be used to project variables in a lower 

dimensional space whilst aiming to maintain their relative distances. This is done by 

minimising the summed squared discrepancies between the mapped distances �̂�𝑖𝑗 and true 

distances 𝑑𝑖𝑗, also known as the Raw Stress. The Kruskal Stress (Kruskal, 1964) is a 

normalised measure of how effectively the distances are maintained; incorporating the Raw 

Stress as its numerator. 

𝐾𝑟𝑢𝑠𝑘𝑎𝑙 𝑆𝑡𝑟𝑒𝑠𝑠 =  √
∑(𝑑𝑖𝑗 − �̂�𝑖𝑗)

2

∑ 𝑑𝑖𝑗
2  

(2) 
 

In the project, MDS reduces the dimensionality of the realisation’s distance matrices -  

allowing visualisation of the results if 2 or 3 dimensions are adequate to re-project the results 

with an acceptable Kruskal stress. 
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1.3.3 k-means clustering 

k-means clustering is an unsupervised machine learning technique that classifies 

observations into k clusters (Scikit-learn, n.d.). The observations are assigned to the cluster 

with least squared Euclidean distance to its mean, with the means then recalculated for the 

updated clusters. These steps are performed iteratively until either a maximum number of 

iterations or minimum iteration change is reached, though this may not be a global optimum. 

Results are dependent on an appropriate k value, which can be selected by performing 

an “elbow” test for a range of k values. This considers the effect of k on the variance of the 

sample clusters, which is being minimised by the algorithm (Thorndike, 1953). Increasing 

the number of clusters will cause this variance to tend towards zero, however using too many 

defeats the purpose of clustering – indeed a “perfect” cluster variance of zero could be 

achieved by using k equal to the number of observations. Plotting variance as a function of 

k often reveals a curve with an “elbow” change in gradient, after which increasing k provides 

much diminished returns in terms of reduced variance. The k value at the elbow of the curve 

generally provides a reasonable compromise. These techniques are used in the project to 

identify similar realisations by clustering the relative realisation distance matrices. 

1.4 Quantifying geological uncertainty 

Geological models are always constructed upon limited data and incomplete knowledge, 

resulting in inherent uncertainty. As such, numerous potential models can be created that 

satisfy the available data, although some are more probable than others. It is tempting to 

create a single well-considered deterministic model, as this greatly simplifies subsequent 

workflows and decision making. However, not only will such a model remain “wrong” to 

some extent, it may also lead to a false sense of confidence, as no other possibilities are 

presented. Even if the model used is the most likely, ignoring plausible alternatives will lead 

to poorly informed decisions. The primary advantage of a simulation approach is the 

quantitative measure of uncertainty permitted by the resulting distribution of realisations. 

Important decisions must often be made during the early stages of a project, such as 

whether to invest in additional sampling and where to do so. The concept of Value of 

Information attempts to quantify the worth of such activities and in a geological context, can 

be greatly informed by models of geological uncertainty. Given the large capital investment 

and potential for personal or environmental harm involved in most industrial applications 

that use geological models, it is very valuable to understand the level of this uncertainty - 

preferably on a spatial basis. In geothermal energy, this could benefit the siting of wells, 

sizing of the power plant, and utilisation plan for the resource. 

John Mann classified three types of uncertainty in geological science, which can still be 

used to effectively categorise and understand uncertainty (Mann, 1993). Type 1 arises 

through the measurement process, as bias, error, and imprecision. Type 2 arises from the 

inherent variation in natural parameters, for which some components are inherently 

stochastic. Type 3 arises due to scientific ignorance, in that it is not possible to model nature 

perfectly. Type 1 is perhaps the most intuitive, since it is easily understandable that 

measurement devices have tolerance limits; and that locations far from sampling must be 

interpolated or extrapolated from the available data. Type 2 can also be conceptualised 

simply, by the inherent variability represented by the “nugget” component of a variogram 

model. Type 3 is the most problematic for quantification, as it is theoretically unknowable. 
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1.4.1 Kriging variance 

Since kriging variance reflects the certainty of an estimate for a given variogram model, 

it can be thought of as a measure of geological uncertainty; worsened by lack of samples, 

clustered samples, distant samples, and erratic phenomena. This is reliant on the 

appropriateness of the fitted variogram model however. See further background in “1.2.2 

Estimation”. 

1.4.2 Indicator probability functions 

Many measures of uncertainty use an estimate of the local probability for the variable 

being simulated. For a given location 𝑥 in a model, an indicator function for each class 𝑢 

from set 𝑈 can be defined (Schweizer, Blum, & Butscher, 2017):  

 

𝐼𝑢(𝑥) = { 0 𝑓𝑜𝑟 𝑥∉𝑢
1 𝑓𝑜𝑟 𝑥∈𝑢  

(3) 
  

By applying this to realisations r from set N, an indicator probability function can be 

estimated. Such indicator probabilities for all classes will total 1 at a given location. 

 

𝑃𝑥(𝑢) = ∑
𝐼𝑢𝑟

(𝑥)

|𝑁|
𝑟∈𝑁

  

(4) 

1.4.3 Phi 

Phi is a measure for the uncertainty associated with a categorical variable, defined as the 

complement of the largest conditional probability at the location in question (Goovaerts, 

1997). For categorical classes 𝑢 from set 𝑈, phi 𝜑 is given at location 𝑥 by: 

 

𝜑(𝑥) = 1 − max
𝑢∈𝑈

 𝑃𝑥(𝑢) 

(5) 
 

The measure is therefore equal to 0 at HD locations, for which the conditional probability 

of the prevailing class is 1. It has a maximum value of  1 −
1

|𝑈|
 , for the case when all classes 

are equally probable – with more classes resulting in greater phi. It only considers the largest 

conditional probability at a given location and does not reflect how the conditional 

probabilities for the remaining classes are distributed.  
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1.4.4 Information entropy 

Another quantitative measure for uncertainty is “information entropy”, also known as 

“Shannon entropy”. First defined almost 70 years ago to quantify missing information 

between a transmitter and receiver in communication, it can also be applied to spatial 

problems (Shannon, 1948) (Goovaerts, 1997). It can be used to measure the uncertainty of 

stochastically generated geological models (Schweizer, Blum, & Butscher, 2017) 

(Wellmann, Horowitz, & Regenauer-Lieb, 2011).  

For a model space M containing locations x, the entropy at each location Hx can be 

calculated for categorical classes 𝑢 from set 𝑈: 

 

𝐻𝑥 =  − ∑ 𝑃𝑥(𝑢) × 𝑙𝑜𝑔 𝑃𝑥(𝑢)

𝑢∈𝑈

 

(6) 
 

As with phi, the lowest value of 0 is obtained at HD locations, where the conditional 

probability of the prevailing class is 1. The highest entropy is again obtained when classes 

are equally probable, with a greater number of classes resulting in higher entropy. Unlike 

phi, entropy accounts for the disorder of the non-prevailing classes. 

1.4.5 Distance & model dissimilarity 

Numerous measures have been developed for describing the dissimilarity of sample 

features. Some are more appropriate for continuous or categorical variables, and while the 

most common are described here, selection of such a measure is made in consideration of 

the variables and objective.  

1.4.5.1 Euclidean distance 

Euclidean distance (dEUC) is the metric space measure of distance between two points x 

and y in Euclidean space with n dimensions, as shown below. The possible distances 

therefore range from 0 upwards. This measure is used by geostatistical methods in the project 

to measure spatial separation of samples; obviously in such cases there is no need to scale 

the dimensions since units are consistent e.g. metres. 

𝑑𝐸𝑈𝐶  =  √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

  

(7) 
 

Figure 1.14 shows dEUC measuring the distance between two models M1 and M2 with 16 

nodes, for a single continuous variable. The mean for the entire model space is dEUC = 0.41 

to 2.d.p. 
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a) Variable key b) M1 c) M2 d) dEUC 

Figure 1.14 dEUC example for a continuous variable. 

1.4.5.2 Hamming distance & simple matching distance 

The simple matching coefficient measures similarity between two categorical sets; 

dividing the intersection of matching elements by the total number of elements in a set. The 

corresponding Simple Matching Coefficient distance (dSMC) is the complement of this value 

and ranges from 0 for identical sets to 1 for completely dissimilar sets. This measure is used 

to measure distance between data events and potential matches in the TI, as well as between 

realisations. 

If comparing two models M1 and M2 with model space M, where 𝑄 
𝑢 is the subset of 

locations where a categorical variable has value 𝑢 from set 𝑈, dSMC is given as follows:   

 

𝑑𝑆𝑀𝐶 = 1 − ∑
|𝑄𝑀1

𝑢 ∩ 𝑄𝑀2
𝑢 |

|𝑀|
𝑢∈𝑈

 

(8) 
 

Since the Hamming distance is defined as the total number of differing samples, dSMC is 

therefore equivalent to the Hamming distance divided by the size of a sample set. Whilst 

straightforward, the measure is susceptible to stochastic variation causing high distances.  

Figure 1.15 shows an example of the technique applied to a binary variable for two 

models, containing 16 locations. This results in a dSMC of 1 −
8

16
= 0.5 

 

     
a) Variable 

key 

b) M1 c) M2 d) 8 similar nodes 

(red) 

e) 16 total 

(green) 

Figure 1.15 dSMC example for categorical variable. 
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1.4.5.3 Jaccard distance 

The Jaccard coefficient is another measure of similarity; dividing the intersection of two 

sample sets by their union. This differs from the simple matching coefficient, in that only 

the locations where the code of interest appear are considered. In the context of model 

comparison, this could take the form of an indicator code designating locations where a 

certain geological unit is present, or where a continuous variable exceeds a threshold value.  

The corresponding Jaccard distance (dJAC) is simply the complement of the Jaccard 

coefficient, with 0 indicating least dissimilarity and 1 indicating maximum dissimilarity 

(Schweizer, Blum, & Butscher, 2017). This measure is used in the project to calculate the 

distance between realisations. 

Comparing two models M1 and M2 with model space M, where 𝑄 
𝑢 is the subset of 

locations where a categorical variable has a certain value 𝑢 from set 𝑈, dJAC is given by: 

  

𝑑𝐽𝐴𝐶 = 1 −
|𝑄 𝑀1

𝑢 ∩ 𝑄 𝑀2
𝑢 |

|𝑄 𝑀1
𝑢 ∪ 𝑄 𝑀2

𝑢 |
 

(9) 
 

If using a threshold approach with value 0, this measure is sensitive to outcomes of low 

probability and a greater threshold value can sometimes be more robust (Schweizer, Blum, 

& Butscher, 2017). This is more difficult to overcome for realisations with stochastically 

varying categorical variables. 

 

Figure 1.16 shows an example where the indicator value “1” is the variable of interest. 

This results in a dJAC of 1 −
4

12
= 0.67 to 2.d.p. Note the higher distance than for the dSMC 

example, since the matching “0” codes in the corners are no longer considered. 

 

     
a) Variable 

key 

b) M1 c) M2 d) Intersection 

(red) 

e) Union 

(green) 

Figure 1.16 dJAC example for indicator function “1” values. 

1.4.5.4 Normalised city block distance 

Normalised City Block distance (dNCB) sums the absolute distance between two points x 

and y in n continuous dimensions, meaning that whilst the value is normally higher than 

dEUC, it is identical when using only 1 dimension. Distances range from 0 upwards. 

𝑑𝑁𝐶𝐵  =  ∑|𝑥𝑖 − 𝑦𝑖|

𝑛

𝑖=1

 

(10) 

 



  CHAPTER 1: INTRODUCTION 

32 

Figure 1.14 shows dNCB measuring the distance between two models M1 and M2 with N 

nodes, for two continuous variables. The mean for the model space is dNCB = 0.84 to 2.d.p. 
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D=2 

  

D=1 

   
 

D=2  

  

 

  
a) M1 b) M2 c) dNCB 

Figure 1.17 dNCB example for 2D continuous variables. 

 

1.4.5.5 k-means clustering of distance matrix 

Once a matrix of distances between realisations has been calculated, they can be 

clustered using techniques such as k -means and a representative realisation determined for 

each cluster by selecting the one closest to its mean. Implementation of k-means in this 

approach are discussed further in “2.9 Stochastic modelling uncertainty ”. 
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1.5 Summary 

The Krafla volcanic system has a comparatively large amount of data available due to 

decades of geothermal exploration and exploitation, as well as ongoing scientific interest. It 

is a unique location for studying shallow magma bodies due to its active volcanism, 

confirmed presence of magma at shallow depths, and various evidence to suggest a shallow 

crustal magma chamber.  

Geostatistical techniques provide a means of analysing, estimating, and simulating 

spatially related phenomena, which in this project consist of categorical variables to 

represent combined lithological and magmatic attributes, in addition to continuous variables 

for VP, VP/VS, and MT resistivity. Variogram based estimation and simulation techniques 

are unable to reproduce complex geological patterns, whilst Boolean simulation can do so 

but is difficult to condition with HD. MPS has the potential to both reproduce complex 

patterns while being easily conditioned with HD. DeeSse is a recent implementation of the 

Direct Sampling MPS approach, that can use auxiliary variables to reproduce non-stationary 

patterns and condition simulations with soft data. Supervised machine learning techniques 

will generate a magma predictive model based on the exhaustive geophysics data, with the 

aim of using this as an auxiliary variable for target probability in MPS simulation and 

constraining the magma. 

Geological models are inherently uncertain, which can have serious implications for 

industrial applications making use of them. Whilst it is impossible to account for all 

unknowns, quantitative analysis of uncertainty can be performed on a set of simulation 

realisations by using measures such as phi and entropy. Various distance measures can 

quantify how different realisations are, of which, Simple Matching Distance and Jaccard 

Distance are appropriate for the categorical variables being simulated. The distance matrix 

can then be projected with Multi-Dimensional Scaling and clustered, to a determine a 

smaller number of representative realisations. By selecting a limited number of 

representative realisations, subsequent analysis such as reservoir modelling could be 

undertaken for each, which would be unfeasible for the full set of realisations.  
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Chapter 2 

2Methods 

The methodology for the project was multi-stage, beginning with initial data gathering 

and processing, followed by data analysis and interpolation. The main body of the project 

consisted of conceptual geological modelling and subsequent stochastic simulation. The 

resulting realisations were then validated and analysed for uncertainty. This section outlines 

the process for each of these stages, as well as describing the challenges encountered and 

modifications to the project that they required. 

2.1 Data 

Various datasets were available for the Krafla system, with their sources summarised in 

Table 2.1. Most required additional processing prior to use, due to software-specific formats. 

A Microsoft Access database was created to store much of the downhole and geophysical 

information, with macro exports set up to generate .csv files in the format preferred by the 

chosen geological modelling software - Leapfrog Geothermal (Seequent, 2017). Shapefile 

data and maps were managed within QGIS, allowing coordinate system transformations 

where necessary.  

The ISN93/Lambert 1993 Coordinate Reference System is used within the study since it 

was used by much of the obtained data and is considered sufficiently accurate for the 

purposes of the study. It is noted however, that the more recent ISN2004 Coordinate 

Reference System has in theory replaced ISN93.  

Conceptual modelling in Petrel was undertaken by Anette Mortensen in 2009, with an 

accompanying report that was translated into English in 2015 (Mortensen, et al., 2015). 

Several years later, an updated Petrel model “KRAFLA_2016” was completed  

(Weisenberger, 2016) with an accompanying report (Weisenberger, et al., 2015). The most 

recent Petrel model “Krafla_AK” was created by Unnur Þorsteinsdóttir for her MSc thesis 

(Þorsteinsdóttir , 2017). Most datasets used in this project were sourced from the 2016 model 

data package, with some additional datasets derived from Þorsteinsdóttir’s model and other 

sources. 

Images such as aerial photography were not obtained in a georeferenced format, so this 

was done manually within Leapfrog Geothermal by using identifiable features such as well 

locations, roads, or grid lines. This was sufficiently accurate for the purposes of the project, 

although access to the original objects would be preferable for future work. 
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Well locations and down-hole surveys were extracted from the most recent Petrel model 

and re-projected in Leapfrog using “Leapfrog Spherical Arc projection”. Well data was 

provided as downhole points in a variety of formats, which for some attributes such as 

lithological and stratigraphic interpretations required conversion into interval data. It was 

understood that points record the top of each interval. Where the “no cuttings” code had not 

been recorded beneath, the deepest interval was extended to the base of the well. This 

included both data extracted from the Petrel models and provided by Unnur Þorsteinsdóttir 

(Þorsteinsdóttir, pers. comms., 2017). 

A triangular irregular network topographic surface with 25m resolution was generated 

in Leapfrog from a pointset .shp extracted from the 2016 Petrel model (Weisenberger, 2016). 

A mostly regular 1,000x1,000x500m spaced grid was provided by Juerg Schuler et al. for 

their model of the seismic velocity structure beneath Krafla, although the deepest grid is 

1,000x1,000x1,000m (Schuler, et al., 2015). This was converted from a pointset .shp into a 

.csv file. An irregular grid for the resistivity model from MT resistivity inversion was 

extracted from the 2016 Petrel model (Weisenberger, 2016), with 300x300x100m spacing 

towards the centre but coarser towards the peripheries. Steffi Burchardt provided an excel 

spreadsheet recording various structural measurements taken on dykes and cone sheets in 

the Geitafell system (Burchardt, pers. comms., 2017). 

Data was imported into AR2TECH geostatistical modelling software (AR2TECH, n.d.) 

via .csv files; making use of Python to process data and call functions within the software. 

Python was complemented with the matplotlib library for plotting charts (Hunter, 2007) and 

the scikit-learn library for machine learning tools (Pedregosa, et al., 2011).  

The modelling machine used for the majority of the work had an Intel Xeon E5-2609 

1.9GHz central processing unit capable of running 6 threads, with 64GB of random access 

memory. 
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Table 2.1 Summary of source data used in modelling. 

Data Source Type Comments 

Collars (Þorsteinsdóttir , 2017) N/A Copied from Petrel well manager 

Surveys (Þorsteinsdóttir , 2017) DEV Individual file per well 

Topography (Weisenberger, 2016) SHP Contours 

CO2 flux map (Weisenberger, 2016) BMP Georeferenced within Leapfrog 

Geological map (Sæmundsson, 2008) PDF Map taken from (Guðmundsson & Ólafsson, 

2009) & georeferenced within Leapfrog 

Geothermal map (Sæmundsson, 2008) PDF Map taken from (Guðmundsson & Ólafsson, 

2009) & georeferenced within Leapfrog 

Aerial imagery (Weisenberger, 2016) BMP Georeferenced within Leapfrog 

Gravity map (Árnason, Vilhjálmsson, 

& Björnsdóttir, 2011) 

PDF Georeferenced within Leapfrog 

Magnetics map (Mortensen, et al., 2015) BMP Image taken from (Mortensen, et al., 2015), 

original report in Icelandic (Guðmundsson, et al., 

1971). Georeferenced within Leapfrog.  

Caldera ring structure, Craters & 

fissures, Faults, Geothermal 

manifestations, S-wave shadow, S-

wave shadow buffer 

(Weisenberger, 2016) SHP Separate shapefile for each feature 

Temperature (Weisenberger, 2016) T Individual file per well in data package 

Pressure (Weisenberger, 2016) P Individual file per well in data package 

Lithology logging (Þorsteinsdóttir, pers. 

comms., 2017) 

XLSX  

Alteration minerals (Weisenberger, 2016) TXT Individual file per mineral in data package 

Alteration temperatures (Weisenberger, 2016) TXT  

Stratigraphic interpretation (Weisenberger, 2016) ASCII  

Stratigraphic zones (Weisenberger, 2016) ASCII  
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Stratigraphic interpretation v2 (Þorsteinsdóttir, pers. 

comms., 2017) 

ASCII Too little data to interpret K-01, K-02, K-03a, K-

13a, & K-16a 

Geodetic sources of deformation (Sturkell, Sigmundsson, 

Geirsson, Ólafsson, & 

Theodórsson, 2008) 

(Heimisson, Einarsson, 

Sigmundsson, & 

Brandsdóttir, 2015) 

N/A Single point created to represent the stated centre 

of each deformation source 

2014 & 2015 Seismic events (Weisenberger, 2016) TXT  

Gravity data (Magnússon, 2016) TXT Provided by Unnur Þorsteinsdóttir 

Seismic velocity model (Schuler, et al., 2015) SHP Mostly regular grid 

MT resistivity model (Weisenberger, 2016) TXT Taken from Petrel model. Discussed at more 

length in literature (Rosenkjær, Gasperikova, 

Newman, Árnason, & Lindsey, 2015), 

(Gasperikova, Rosenkjær, Árnason, Newman, & 

Lindsey, 2015) 
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2.1.1 Data validation 

Before entering data into the Access database, various issues were identified using Excel 

as well as Leapfrog Geothermal’s inbuilt data validation tools. Some of these are evidently 

errors, whilst others are simply discrepancies which have arisen from combining data from 

several different sources and formats; compounded by the continual accumulation of 

geological data. 

2.1.1.1 Well names 

K-41 was named “Well 1” in the obtained Petrel well manager data and was missing the 

corresponding unique well identifier “58041”. By matching coordinates, the well was 

corrected with data from the public drilling database (Orkustofnun, 2017). 

K-13A and K-16A were identified within Leapfrog as potentially duplicated wells based 

on their surveys, however these are re-drills of K-13 and K-16 respectively and are therefore 

legitimate twins. 

2.1.1.2 Well surveys 

The wells were projected based on the available deviation survey data and checked 

visually for kinks. Although no well showed any concerning deviations, 26 of the 47 wells 

had no downhole deviation survey data available other than at surface. Notably, one of these 

wells is IDDP-1, which is particularly significant to the study due to its magma intercept. 

2.1.1.3 Well locations 

The recorded elevations for the start of all wells were compared with the topographic 

surface at their lateral coordinates, with results shown in Table 2.2. Whilst wells show 

discrepancies of up to 16.8m, this is not considered significant given the resolution of the 

modelling being completed and the coarse resolution of the topographic surface used. As 

such, the wells will be located according to their recorded elevation without amendment. 

 

Table 2.2 Recorded well elevations compared with 

topographic surface, ordered by decreasing discrepancy. 

Well Z 

(m ASL) 

Z draped 

(m ASL) 

Difference 

(m) 

Well Z 

(m ASL) 

Z draped 

(m ASL) 

Difference 

(m) 

K-35 538.7 521.9 16.8 K-27 486.2 488.2 2.0 

K-26 490 479.0 11.0 K-28 475.3 477.3 2.0 

K-13 505 514.5 9.5 K-08 535 533.3 1.7 

K-13A 505 514.5 9.5 K-16 609.3 607.7 1.6 

K-41 571 578.4 7.4 K-16A 609.3 607.7 1.6 

K-40 611 604.1 6.9 K-23 446.1 444.6 1.5 

K-15 571 576.8 5.8 K-02 553.5 552.1 1.4 

K-12 487 492.7 5.7 K-39 471 472.4 1.4 

K-32 571.8 577.3 5.5 K-22 446.9 445.5 1.4 
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K-20 584.4 589.6 5.2 K-03 499.8 501.2 1.4 

KS-01 473 468.0 5.0 K-37 609.3 610.6 1.3 

K-19 584.2 588.6 4.4 K-34 603.1 604.3 1.2 

K-30 584.2 588.2 4.0 K-04 549 550.0 1.0 

K-01 482 485.8 3.8 K-06 464.5 463.5 1.0 

K-18 611 614.8 3.8 K-17 593.1 593.9 0.8 

K-33 571.8 575.5 3.7 K-24 483.2 482.4 0.8 

IDDP-1 553 549.8 3.2 K-38 605 605.4 0.4 

K-31 584.6 587.6 3.0 K-05 523 522.7 0.3 

K-36 604.4 607.2 2.8 K-14 571.1 570.8 0.3 

K-10 542 544.8 2.8 K-29 471 470.7 0.3 

K-11 483.2 480.5 2.7 K-25 549.9 550.2 0.3 

K-21 448.2 445.6 2.6 KV-01 475 474.8 0.2 

K-09 522 524.4 2.4 K-07 509 509.0 0.0 

K-03A 499.9 502.1 2.2 
    

 

2.1.1.4 Invalid records 

Invalid codes were identified in some datasets; in the intrusion lithology data these 

consisted of 1 non-intrusion “4” code, 7 unknown “-2147483648” records, and 355 blank 

records, which were all removed. In the non-intrusion lithology data these consisted of 3 

unknown “-1” records, 7 unknown “-2147483648” records, and 353 blank records, which 

were also removed. 

In the stratigraphic interpretation and stratigraphic zone top-of-interval data, a record is 

available in each for well “AE-10” but the well itself is not present in the well manager. 

These records were discarded. 

In the temperature data, two negative depths are recorded (Table 2.3). Since the first is 

only slightly negative, the depth was changed to 0 to retain the data, however the 

significantly negative second record was discarded. 

 

Table 2.3 Invalid survey depths in temperature data. 

Well Depth 

(m) 

Temp 

(°C) 

Treatment 

K-01 -1.1 100.6 Altered to 0m depth 

K-17 -30 100 Discarded 

 

Some wells have downhole data exceeding the length of the well by large intervals. For 

the downhole geophysics, such depth discrepancies may legitimately arise from stretching 

of the wireline. The eight worst exceedances in the temperature data have absolute errors 

greater than 100m and 5% of the well length, which are deemed excessive and discarded. It 

should be borne in mind that the shallower values are also likely to be at incorrect depths, 

although this cannot be tested for or corrected. 
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Table 2.4 Temperature data exceeding the length of well, 

with absolute exceedance and standardised to well length. 

Well Depth 

(m MD) 

Temp 

(°C) 

Exceedance 

(m) 

Exceedance 

(%) 

Treatment 

K-13a 2,077.08 149.38 297.08 16.7 Discarded 

K-26 2,400 354.2 273 12.8 Discarded 

K-13a 2,006.01 144.75 226.01 12.7 Discarded 

K-26 2,300 351.5 173 8.1 Discarded 

K-31 1,600 318.3 160 11.1 Discarded 

K-13a 1,919.92 139.43 139.92 7.9 Discarded 

K-32 2,000 327.7 125 6.7 Discarded 

K-31 1,540 315.3 100 6.9 Discarded 

K-25 2,199.6 350.1 94.6 4.5 Retained 

K-15 2,173 345.2 76 3.6 Retained 

K-03 1,795.8 333 75.8 4.4 Retained 

K-32 1,950 325.7 75 4.0 Retained 

K-26 2,200 348.6 73 3.4 Retained 

K-31 1,500 313.4 60 4.2 Retained 

K-15 2,154.9 344.8 57.9 2.8 Retained 

K-34 2,050 324.9 48 2.4 Retained 

K-25 2,150.2 347.9 45.2 2.1 Retained 

K-15 2,134.8 344.6 37.8 1.8 Retained 

K-23 2,000 242 32 1.6 Retained 

K-27 1,800 328.9 29 1.6 Retained 

K-32 1,900 323.9 25 1.3 Retained 

K-13a 1,803.8 132.54 23.8 1.3 Retained 

K-15 2,119.7 344 22.7 1.1 Retained 

K-13 2,069.8 341.5 19.8 1.0 Retained 

K-10 2,100.2 343.5 18.2 0.9 Retained 

K-16 1,996.6 256 15.6 0.8 Retained 

K-16a 2,204 144.2 13 0.6 Retained 

K-01 1,146.2 306.6 8.2 0.7 Retained 

K-15 2,104.5 343.2 7.5 0 Retained 

K-25 2,111.5 347.3 6.5 0 Retained 

K-12 2,227.7 346.9 5.7 0 Retained 

K-07 2,169.4 345.3 4.4 0 Retained 

 

The five most significant exceedances from the pressure data show absolute errors of 

>100m, standardised errors of >5% and were discarded (Table 2.5). Many of the worst 

exceedances occur in the same wells as the temperature data. 
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Table 2.5 Pressure data exceeding the length of well, with 

absolute exceedance and standardised to well length. 

BHID Depth 

(m MD) 

Pressure 

(bar) 

Exceedance 

(m) 

Exceedance 

(%) 

Treatment 

K-26 2,400 173 273 12.8 Discarded 

K-26 2,300 167.5 173 8.1 Discarded 

K-31 1,590 108.25 150 10.4 Discarded 

K-32 2,000 123.1 125 6.7 Discarded 

K-31 1,540 105 100 6.9 Discarded 

K-15 2,174.7 154.8 77.7 3.7 Retained 

K-32 1,950 120.3 75 4.0 Retained 

K-26 2,200 161.8 73 3.4 Retained 

K-31 1,490 101.6 50 3.5 Retained 

K-34 2,050 119.4 48 2.4 Retained 

K-23 2,000 159.1 32 1.6 Retained 

K-15 2,126.2 151.9 29.2 1.4 Retained 

K-27 1,800 123.5 29 1.6 Retained 

K-13 2,077.1 149.4 27.1 1.3 Retained 

K-32 1,900 117.5 25 1.3 Retained 

K-25 2,129 160.4 24 1.1 Retained 

K-03 1,729.6 127.4 9.6 0.6 Retained 

K-10 2,087.5 150.5 5.5 0.3 Retained 

 

The latest stratigraphic interpretations had some records situated below the end of hole, 

representing an estimate for the acoustic basement. These were subsequently stored as a 

separate pointset, as they were not strictly associated with the wells. 

In the lithological logging data, K-03 and K-31 contain records that exceed the drilled 

depth by 530m and 667m respectively. The length of the drillholes were checked against 

those recorded in an open-access database (Orkustofnun, 2017), showing that the issue lay 

with the logging data. ÍSOR were alerted to the issue and determined that the data had been 

incorrectly prepared by a summer student. After receiving corrected data, the wells were 

updated with the logging shown in Table 2.6. 

 

Table 2.6 Corrected lithology interval data. 

Well From 

(m MD) 

To 

(m MD) 

Lithology 

K-03 1,500 1,720 -999 

K-31 790 1,440 -999 
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2.1.1.5 Erroneous records 

Although the datasets were far too large to check exhaustively for erroneous records, it 

was highlighted during discussions with Landsvirkjun staff that well K-36 had not in fact 

intersected magma, despite the stratigraphic interpretation from the Petrel model recording 

an active intrusion at 2,420m depth. As these intersections are particularly important to this 

study, the record was corrected from “active intrusion” to “intrusions”. 

It was found that the acidic magma intercept in K-39 was coded as “27”, or “coarse-

grained basaltic intrusion” in the lithology interpretation, with no mention of acidic 

lithologies. Since these magmatic intercepts are very important for the nature of this study, 

the lithology coding was altered to “30” or “acidic very fine-medium grained intrusion” for 

the 2,830-2,865m MD interval, corresponding to the “active intrusion” interval in the 

stratigraphic interpretation. 

It was also noted that the lithology code look-up table had several incorrect and missing 

translations from the Icelandic to English, which were updated for the Access database. 

2.1.1.6 Redundant and duplicate intervals 

Numerous redundant records of the same code at identical or adjacent depths in a 

drillhole were identified in the lithology and stratigraphic datasets. Most of these are likely 

the result of how data is handled by Petrel and were subsequently discarded when converting 

to interval data. 

Duplicates were also identified, with wells assigned conflicting codes at identical depths, 

resulting in zero-length intervals when converted to interval data.  This may have been 

intentional, for example recording the presence of several intrusion lithologies at a given 

depth, however due to the complexity that this would add, only one record was retained.  

Table 2.7 shows the duplicate records identified in the lithology logs for intrusions 

lithologies, along with the retained records, chosen by simply disregarding the second record 

and assigning the interval length to the first. Although arbitrary, the limited number and size 

of these intervals mean that this is of little consequence for the project. 

 

Table 2.7 Intrusion lithology records with duplicate depths. 

Well From 

(m MD) 

To 

(m MD) 

Lith_code Treatment 

IDDP-1 1,568 1,568 25 Retained 

IDDP-1 1,568 1,582 26 Discarded 

IDDP-1 1,606 1,606 25 Retained 

IDDP-1 1,606 1,627 30 Discarded 

IDDP-1 1,806 1,806 25 Retained 

IDDP-1 1,806 1,816 33 Discarded 

K-38 2,142 2,142 25 Retained 

K-38 2,142 2,162 33 Discarded 

K-39 1,570 1,570 30 Retained 

K-39 1,570 1,579 33 Discarded 
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Table 2.8 Non-intrusion lithology records with duplicate 

depths. 

Well From 

(m MD) 

To 

(m MD) 

Lith_code Treatment 

IDDP-1 1,806 1,806 2 Retained 

IDDP-1 1,806 1,826 4 Discarded 

IDDP-1 1,836 1,836 2 Retained 

IDDP-1 1,836 1,844 4 Discarded 

K-12 1,034 1,034 1 Retained 

K-12 1,034 1,038 3 Discarded 

K-12 1,966 1,966 1 Retained 

K-12 1,966 1,968 5 Discarded 

K-18 949.5 950 2 Retained 

K-18 950 954 14 Discarded 

K-18 963.5 964 2 Retained 

K-18 964 966 5 Discarded 

K-21 737 737 2 Retained 

K-21 737 741 4 Discarded 

K-26 755 755 1 Retained 

K-26 755 842 6 Discarded 

K-35 2,082 2,082 1 Retained 

K-35 2,082 2,102 4 Discarded 

K-38 640 640 2 Retained 

K-38 640 650 4 Discarded 

K-38 1,852 1,852 4 Retained 

K-38 1,852 1,878 14 Discarded 

K-39 57 57 4 Retained 

K-39 57 67 22 Discarded 

 

Two conflicting records were identified in the stratigraphy top-of-intervals data, (Table 

2.9): 

Table 2.9 Stratigraphy top-of-interval records with 

duplicate depths. 

Well From 

(m MD) 

To 

(m MD) 

Lith_code Treatment 

K-26 753.75 753.75 Hraun 3 Retained 

K-26 753.75 1,718 Intrusions Discarded 

KV-01 0 0 Surface Retained 

KV-01 0 292 Hraun 0 Discarded 
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In the stratigraphy zone data, two conflicting records were identified: 

 

Table 2.10 Stratigraphy zones records with duplicate 

depths. 

Well From 

(m MD) 

To 

(m MD) 

Lith_code Treatment 

K-26 753.75 753.75 Hraun 3 Retained 

K-26 753.75 1,718 Basement Discarded 

KV-01 0 0 Surface cover Moberg 0 Retained 

KV-01 0 292 Hraun 0 Discarded 

2.1.1.7 Seismic events 

Some of the seismic event locations plot well above the topography and many others plot 

exactly at 0m ASL. Whilst the events plotting above the topography may have been 

calculated correctly from the recorded data, they demonstrate the inaccuracy of the process. 

The events plotting at 0m ASL were likely recorded with inadequate information to calculate 

the event’s focal point, only allowing triangulation of its epicentre. These data were excluded 

from the modelling, as the depth component is vital for spatial modelling. Data plotting 

above the topography are ignored as they will have no impact on the generated subsurface 

shapes. Events located at 750,000, 157,604, 78,367 and 75,430m BSL were considered 

errors due to their extreme depth and were excluded. 

2.1.2 Discretisation 

Compositing of the well interval data was undertaken at 50m lengths for use in the 

simulation portion of the work, although non-composited data was used when analysing the 

well data and constructing the representative conceptual geological models. 

Surfaces were constructed within Leapfrog Geothermal as triangulated irregular 

networks, with closed surfaces termed volumes used to assign geological domains. To be 

used as TIs in MPS, these volumes were discretised using Leapfrog’s in-built block-

modelling functionality, with parameters tabulated in Table 2.11. Leapfrog uses the centroid 

of each block to determine its domain; evaluating the centroid’s position against the model 

volumes.  

A compromise was necessary for the cell size, to provide adequate resolution for the 

modelling whilst preventing simulation from becoming too computationally expensive. A 

cell size of 50x50x50m was selected, as it was assumed that magma bodies would need to 

be a few 10s of metres in size to remain molten almost 50 years after the Krafla Fires. In 

addition, it was assumed that to have a significant effect in heating the geothermal system, 

bodies would need to be at least of this size. If the resulting volumes were to be implemented 

in a numerical equation of state modeller such as TOUGH2, a far coarser grid would most 

likely be used, making modelling at a finer scale redundant. The 6x6x6km model volume 

results in 1,728,000 blocks. To remove any interaction with the topography and since magma 

should not be present at shallow depths, the top of the project volume is set at 400m ASL. 

The grid is rotated 15° clockwise about the Z-axis at its origin, such that the X and Y 

axes are more consistent with the strike of the rifting and the interpreted WNW-ESE 
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structure. Since most of the conceptual models propose magma bodes that follow these 

orientations, this approach should minimise magma bodies running obliquely to these axes 

and thereby reduce jagged discretisations and improve connectivity of nodes. The resulting 

block models were exported as points and imported as Cartesian grids in AR2GEMS.  

Due to current limitations of the DeeSse algorithm in AR2GEMS, a non-rotated grid 

must be used to ensure that HD is honoured. As such, the simulation grid and TIs were set 

as non-rotated grids (Table 2.12) but all other data were rotated -15° about the Z-axis at the 

origin of the block model. Simulation realisations were then rotated 15° clockwise about the 

same axis after completion.  

It should be noted that the Z axis is projected downwards in AR2GEMS and upwards in 

Leapfrog. In addition, the base point in Leapfrog designates the corner of the origin cell, 

whereas AR2GEM’s Cartesian grid origin reflects its centroid. For these reason, specific 

values were used for the origin of the grid in Leapfrog, to match with the desired non-rotated 

grid in AR2GEMS.  

 

Table 2.11 Block model parameters in Leapfrog 

Geothermal. 

Dimension X Y Z 

Cell size (m) 50 50 50 

Boundary size 6,000 6,000 6,000 

Base point 598,569 578,782 375 

Rotation (°) 15   

 

Table 2.12 Block model parameters in AR2GEMS. 

Dimension X Y Z 

Cell size (m) 50 50 50 

Number of cells 120 120 120 

Origin 598,600 578,800 -5600 

Rotation (°) 0   

 

2.2 Well data analysis 

Due to the lack of hard data at depth, it is necessary to extrapolate from the drilling data 

in the upper 2.5km. Similarly, due to minimal magmatic intercepts, it is necessary to infer 

from the characteristics of the solidified intrusions. It must be borne in mind however that 

there are spatially varying parameters such as temperature, pressure and position within the 

structure of the volcanic system that likely correlate strongly with magmatism and are not 

accounted for by analysing the drilling.  

Drilling is mostly located in the more geothermally prospective eastern half of the 

caldera, which creates a second bias in the sampling. The drillholes are also relatively sparse 

and the generally near-vertical orientation of wells means that vertical or steeply inclined 

structures such as dykes will be under-sampled.  
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The apparent thicknesses encountered in drillholes are impossible to convert into true 

thicknesses without good spatial control, preferably in several orientations. As such, the 

apparent thicknesses were assumed to reflect the true thicknesses for the Krafla dataset, 

meaning that they will be over-estimated. It is also unfeasible to discern adjacent intrusions 

of the same lithology, which compounds the over-estimation and extreme outliers at the 

upper end of the distribution. These effects will be exaggerated for vertical and steeply 

dipping structures. Despite these limitations, in the absence of other data, the wells provide 

extremely valuable information. 

2.2.1 Coding 

Three different sets of coding are used for geological domaining in this study, which are 

summarised in Table 2.13. The first is “magma” – a simple binary code differentiating rocks 

which are currently molten from those that are not. The second, “lith”, differentiates non-

intrusive rock from basaltic, intermediate, and acidic intrusions, regardless of whether 

currently molten. The third code “magma_lith”, is a hybrid code differentiating molten 

basaltic, intermediate, and acidic intrusions from non-molten rock, as well as introducing a 

code to designate a basaltic chamber.  

 

Table 2.13 Geological coding for “magma”, “lith”, and 

“magma_lith”. 

“magma” “lith” “magma_lith” 

0 – Non-magma 0 – Non-intrusive 0 – Non-magma 

1 – Basaltic 

2 – Intermediate 

3 – Acidic 

1 - Magma 1 – Basaltic 1 – Basaltic magma 

4 – Basaltic chamber 

2 – Intermediate 2 – Intermediate magma 

3 – Acidic 3 – Acidic magma 

 

These codes are generated by grouping the stratigraphic interpretations (Weisenberger, 

2016) and lithology interpretations (Þorsteinsdóttir, pers. comms., 2017) as per Table 2.14 

and Table 2.15. Non-interpreted intervals such as those recording “no cuttings” are excluded 

from the grouped coding. 
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Table 2.14 Grouping of stratigraphic coding for “magma”. 

Stratigraphic interpretations “magma” 

Active intrusion 1 - Magma 

Gabbro-Dolerit 0 - Non-magma 

Hraun 0 

Hraun 1 

Hraun 2 

Hraun 3 

Moberg 1 

Moberg 2 

Moberg 3 

Surface 

 

Table 2.15 Grouping of lithology coding for “lith” coding. 

Lithology interpretation “lith” 

0 Reworked tuff 0 – Non-intrusive 

1 Basaltic tuff 

2 Basaltic breccia 

3 Glassy basalt 

4 Fine-medium grained basalt 

5 Medium-coarse grained basalt 

6 Coarse grained basalt 

7 Scoria 

8 Intermediate tuff 

9 Intermediate breccia 

10 Intermediate very fine-medium grained rock 

11 Intermediate coarse grained rock 

12 Acidic tuff 

13 Acidic breccia 

14 Acidic very fine-medium crystalline rock 

15 Acidic coarse crystalline rock 

16 Soil 

17 Lignite 

18 Mudstone 

19 Claystone 

20 Siltstone 

21 Sandstone 

22 Gravel 

23 Tillite 

24 Intrabasaltic beds 

25 Fine-medium grained basaltic intrusion 1 – Basaltic  

26 Medium-coarse grained basaltic intrusion 

27 Coarse grained basaltic intrusion 

28 Intermediate very fine-medium grained intrusion 2 – Intermediate  

29 Intermediate coarse grained intrusion 

30 Acidic very fine-medium grained intrusion 3 – Acidic  

31 Acidic coarse grained intrusion 



  CHAPTER 2: METHODS 

48 

2.2.2 Lithology analysis 

Of the 2,721 samples in the non-composited “lith” coding, approximately 1/3 are 

classified as intrusives by length (Figure 2.1). Whilst non-intrusive host rocks make up over 

70% of all intercepts by length, basalt is by far the most common of the intrusion lithologies 

– totalling ~85% of intrusions both by length and count.  

 

  
a) Proportion by count 

 

b) Proportion by length 

  
c) Proportion by count (intrusions only) d) Proportion by length (intrusions only) 

Figure 2.1 Proportion of lithologies by a) count of intervals, 

b) length of intervals, c) count of intervals (intrusions only), & 

d) length of intervals (intrusions only). 
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The constituents of each 50m composite are shown in Figure 2.2, illustrating the 

dominance of the host lithology in the shallower portion of the study area and the increasing 

proportion of basalt with depth. Intermediate and acidic lithologies are confined to small 

areas and are generally more common towards the East. Figure 2.2e shows the count of 

intrusions per 50m composite, with the highest values shown at depth in the SW and more 

shallowly in the eastern flank of the study area. 

 

  
a) Non-intrusive host b) Basaltic 

  
c) Intermediate d) Acidic 

 

 

e) Count of intrusions  

Figure 2.2 Proportion of 50m composites by length for a) 

Non-intrusive host, b) Basaltic, c) Intermediate, & d) Acidic 

lithologies. e) 50m composites by count of intrusions. Facing 

15º in AR2GEMS. 

2.2.3 Intrusion thickness 

Summary statistics for the apparent intrusion thicknesses are shown in Table 2.16, 

illustrating the positive skew of all lithologies, and the contrasting means and extreme values 

at the upper end of the distribution. Since this analysis is not able to distinguish adjacent 

intrusions of the same lithology, intrusions may be thinner and more numerous than 

suggested.  
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Table 2.16 Summary statistics for apparent thickness of 

grouped intersections in wells. 

Lith Count Min Max Mean Std. 

Dev. 

Skewness Kurtosis 

Basaltic 1,391 1 406 14.4 28.3 6.05 52.0 

Intermediate 62 1 126 16.3 26.8 2.92 8.1 

Acidic 171 1 76 9.4 10.5 3.07 12.3 

 

Considering thickness CDFs for the lithologies (Figure 2.3), the frequency of occurrence 

reduces drastically with increasing thickness. Gaussian, Weibull, & Exponential decay 

functions were fitted to each CDF (Table 2.17) using the “GRG Nonlinear” solving method 

in Excel’s Solver to minimise the resulting RMSE. The Weibull distributions were selected 

as they resulted in the smallest error (Table 2.18) and generally appear to provide a good fit 

to the data. 

 

Table 2.17 Parameters for models fitted to intrusion 

thickness CDFs. 

Parameter Basaltic Intermediate Acidic 

Gaussian μ 5.990 6.921 5.694 

Gaussian σ 8.490 9.183 5.892 

Weibull α 0.516 0.538 0.823 

Weibull β 6.004 8.179 6.723 

Exponential β 7.491 9.282 7.011 

 

Table 2.18 RMSE resulting from models for intrusion 

thickness CDFs. 

Lith Exponential RMSE Gaussian RMSE Weibull RMSE 

Basaltic 0.0426 0.0544 0.0055 

Intermediate 0.0612 0.0759 0.0314 

Acidic 0.0227 0.0490 0.0139 

 

 

  
a) Basaltic intrusion thicknesses 

 

b) Intermediate intrusion thicknesses  
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c) Acidic intrusion thicknesses d) Geitafell intrusion thicknesses 

Figure 2.3 Fitted models for the apparent thicknesses in 

wells for a) basaltic, b) intermediate, & c) acidic intrusions, 

with d) Geitafell intrusion thicknesses shown for comparison 

(Burchardt, pers. comms., 2017). 

 

2.2.4 Comparison with Geitafell analogue 

The exposed sheet swarms at the eroded Geitafell and Dyrfjöll systems in eastern Iceland 

provide a wealth of information regarding their orientations, thicknesses, and lithology. 

Modelling them in 3D has allowed inferences to be made regarding the location, depth, and 

size of their magmatic sources; the Geitafell system suggesting a magmatic source at 2-4km 

below the paleo-land surface, and the Njardvik Sheet Swarm in the Dyrfjöll system 

converging at 1.5-4km below the paleo-land surface (Burchardt, Tanner, Troll, Krumbholz, 

& Gustafsson, 2011). The additional magmatic sources suggested for the latter make it less 

analogous to Krafla than Geitafell and is probably part of a larger volcanic system.  

Many features of the Krafla volcanic system are observed at Geitafell, including 

hyaloclastite, lava flows, acidic intrusions, and a caldera fault (Burchardt, Tanner, Troll, 

Krumbholz, & Gustafsson, 2011). A concave upwards geometry was suggested for the 

inclined sheet swarm, generally dipping between 40-70° with the values decreasing with 

distance from the magma chamber (Burchardt & Guðmundsson, 2009). The sheets are 

usually basaltic and 0.01-11.25m thick, with an intrusion intensity decreasing exponentially 

from 100% adjacent to the gabbroic pluton (Burchardt, Tanner, Troll, Krumbholz, & 

Gustafsson, 2011), (Burchardt, pers. comms., 2017). 

The CDF for true thicknesses of the exposed Geitafell cone sheets contrasts with the 

much thicker bodies suggested by the Krafla drilling (Figure 2.3) (Burchardt, Tanner, Troll, 

Krumbholz, & Gustafsson, 2011), (Burchardt, pers. comms., 2017). This is probably at least 

partially due to the availability of true thicknesses rather than apparent thicknesses, coupled 

with a greater ability to differentiate between adjacent intrusions of similar lithology type. 

It is also possible that the mapped sheets at Geitafell show inherently different characteristics 

to Krafla and are a poor analogue. 
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2.3 Cone sheet structural field 

A simple structural field was created for each of the Sturkell and Heimisson geodetic 

interpretations, defining an approximate orientation for cone sheets at Krafla based on the 

mapped outer caldera, inferred inner caldera, inferred locations of the magma chamber, and 

inferences made from the Geitafell interpretations. The structural fields and representative 

surfaces for the inner and outer caldera faults were generated in Leapfrog Geothermal, whilst 

subsequent interpolations of the dip and azimuth were calculated in AR2GEMS. 

When creating the fault surfaces, structural disks were designated at periodic intervals 

along the supposed surface expressions of the inner and outer caldera, striking parallel to the 

lineation and dipping at 70° and 50° respectively towards the centre. Horizontal structural 

disks were set at the location of each geodetic magma chamber interpretation and assigned 

to the outer caldera surfaces, whilst additional disks were created at the top of the chambers 

and assigned to the respective inner caldera fault surfaces. Several additional structural disks 

also guide the interpolation at regularly spaced points about the caldera. Figure 2.4 shows 

the resulting structural fields with the concave upwards form suggested for Geitafell 

(Burchardt & Guðmundsson, 2009). This methodology is crude and does not consider 

models of the structural stresses at Krafla, however it is considered adequate for use as a 

guide for the orientation of cone sheets in stochastic simulation in this project. Incorporation 

of a real structural model in any future work would add value. 

 

  

a) Sturkell extrapolated inner and outer 

caldera faults  

b) Heimisson extrapolated inner and outer 

caldera faults  

 

  

c) Sturkell cone sheet structural field d) Heimisson cone sheet structural field  

Figure 2.4 a-b) extrapolated caldera fault surfaces, & c-d) 

cone sheet structural fields. Shown in Leapfrog Geothermal in 

vertical section on 105º strike, facing NNW. 
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2.4 Interpolation 

To make use of the various measured and synthetic datasets as auxiliary variables, they 

were first interpolated onto the regular simulation grid in AR2GEMS. This also provided 

the features required for the magma predictive model. 

2.4.1 Cone sheet structural field 

A linear inverse distance weighting was used to interpolate dip and azimuth for the cone 

sheet structural fields onto the simulation grid for the Sturkell and Heimisson sources, based 

on the data discussed in “2.3 Cone sheet structural field” and using parameters tabulated in 

Table 5.1. This method was appropriate since the conditioning data is synthetic, non-

clustered, and designed to vary smoothly with rotation about the centre of the caldera, as 

well as having greater continuity in the vertical axis. To allow interpolation between 0° and 

360°, the cosine and sine of the azimuth in radians are interpolated independently, and the 

azimuth calculated from both results using the arc-tangent function. The resulting fields for 

the Sturkell and Heimisson sources are shown in Figure 2.5 and Figure 2.6. 

 

   
 

a) Dip b) Sine azimuth c) Cosine azimuth d) Azimuth 

Figure 2.5 Sturkell source inverse distance weighting 

interpolations of a) dip, b) sine azimuth, c) cosine azimuth, and 

d) azimuth for cone sheet structural field. Shown in 

AR2GEMS. 

   
 

a) Dip b) Sine azimuth c) Cosine azimuth d) Azimuth 

Figure 2.6 Heimisson source inverse distance weighting 

interpolations of a) dip, b) sine azimuth, c) cosine azimuth, and 

d) azimuth for cone sheet structural field. Shown in 

AR2GEMS. 
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2.4.2 VP & VP/VS 

Ordinary kriging was used to interpolate VP and VP/VS from the seismic velocity model 

onto the simulation grid in AR2GEMS. The central, regular portion of the model grid 

consists of a 20x20x13 grid of points spaced at 1,000x1,000x500m. Lag spacings between 

250m & 1km were trialled, with 500m eventually selected as a good compromise between 

smoothness and representation at the important low lag separation distances. Variogram 

parameters are tabulated in Table 5.2 and Table 5.3. The orientations of greatest and 

intermediate continuity for VP show similar characteristics but much greater values in the 

vertical orientation of least continuity. Sills are not reached for any orientation within the 

10km maximum separation distances considered. Meanwhile, the orientations of 

intermediate and least continuity for VP/VS show similar characteristics, with a lower sill but 

shorter range shown in the orientation of greatest continuity. Ordinary kriging is considered 

appropriate, since the mean of the VP/VS data at least is clearly not globally stationary. If the 

samples were less closely and regularly spaced, the additional work required by Universal 

Kriging with a trend may be worthwhile.  Ordinary kriging parameters used for the VP and 

VP/VS interpolation are tabulated in Table 5.4 and Table 5.5 respectively.  

In both cases, mixed geometric and zonal anisotropy were used to model the 

experimental variograms. A reasonable fit was obtained for all variograms, although 

worsening towards large lag separation distances >6km, which fall well outside of the 

2×2×1km neighbourhood search ellipse - designed to account for the closer vertical spacing 

of samples. The maximum number of samples is limited to 8, as using greater than this 

resulted in visible artefacts. The resulting variograms, estimates, and ordinary kriging 

variances are shown for VP in Figure 2.7 and VP/VS in Figure 2.8. The kriging variance is 

very low for VP but clearly shows increasing values away from the informing data for VP/VS 

– especially at the base of the model where vertical sample spacing increases to 1km. 

For cross-validation of the interpolation model, each node of the supplied VP & VP/VS 

data within the simulation grid extents was removed individually, the node estimated, and 

the error determined by comparing with the known value. The VP interpolation gave a RMSE 

of 0.25 km/s, whilst the VP/VS interpolation gave a RMSE of 0.019, which are considered 

reasonable given the spacing of the nodes and magnitude of the values. In addition, the error 

and estimates have reassuringly low correlation coefficients of -0.089 for VP and -0.28 for 

VP/VS. The error resulting from interpolation onto the simulation grid is likely to be even 

lower since the distance from informing samples will be lower. The histogram of VP 

develops a more defined bimodal distribution once estimated although retains much of its 

negative skew. The VP/VS histogram becomes far more Gaussian once estimated and with a 

broader distribution. Despite the noted changes to the distributions, the estimates are 

considered fit for purpose.  
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a) Greatest continuity b) Intermediate continuity 

  
c) Least continuity d) Ordinary kriging estimate (km/s) 

  
e) Ordinary kriging variance f) Cross-validation error (km/s) 

 
 

g) Sample histogram h) Estimate histogram 

Figure 2.7 a-c) VP variograms, d) VP ordinary kriging 

estimate, e) variance, f) cross-validation errors, & 20 class 

histograms for g) samples & h) estimate in AR2GEMS. 
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a) Greatest continuity b) Intermediate continuity 

  
c) Least continuity d) Ordinary kriging estimate 

  
e) Ordinary kriging variance f) Cross-validation error 

 
 

g) Sample histogram h) Estimate histogram 

Figure 2.8 a-c) VP/VS variograms, d) VP/VS ordinary 

kriging estimate, e) variance, & f) cross-validation errors, & 20 

class histograms for g) samples & h) estimate in AR2GEMS. 
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2.4.3 MT resistivity 

Linear inverse distance weighting was used to interpolate MT resistivity from the 

supplied inversion model onto the simulation grid. The central, regular portion of the data 

consists of a 30x30x55 grid with 300x300x100m spacing, surrounded by a sparser periphery.  

This interpolation was appropriate since the available model points were extremely 

dense and non-clustered, and far greater uncertainty would be associated with the inversion 

itself. Its effectiveness was confirmed by the cross-validation RMSE of 0.100, with the 

greatest errors occurring near to the top of the simulation grid, where resistivity shows the 

greatest variability. In addition, cross-validation showed a desirably low -0.0295 correlation 

between error and estimated value. The resistivity histogram becomes far more triangular 

once estimated and removes the extreme outliers. Despite the changes to the distribution, 

the estimate is considered fit for purpose.  

 

 
 

a) ID estimate for logarithmic values in Ωm b) Cross-validation error 

 
 

c) Sample histogram d) Estimate histogram 

Figure 2.9 a) MT resistivity inverse distance weighting 

estimate, b) cross-validation errors. 20 class histograms for c) 

samples & d) estimate in AR2GEMS. 

 



  CHAPTER 2: METHODS 

58 

2.5 Geophysics constraining magma bodies 

The three available geophysical datasets offer a potentially powerful tool for 

constraining magma bodies, with the interpolated values co-located with well “magma” 

coding samples provide the basis for a supervised machine learning classifier. This approach 

posed many challenges, including a severe class imbalance caused by a shortage of magma 

samples. In addition, many prediction locations were well outside of the training data in 

sample space – requiring extrapolation in the classification model. Compounding this, the 

geophysical models themselves are resolved on a coarse scale and interpolating onto the 

much finer simulation grid does not increase this resolution. The geophysics responses 

themselves reflect complicated physical parameter relationships that are difficult to separate.  

Since only two definite magma samples exist, this class is bolstered with additional 

nodes immediately below four wells recorded as being near-magma due to their highly acidic 

fluids and extreme temperatures – K-04, K-10, K-25 & K-36. Whilst many additional wells 

intercepted acidic fluids (Einarsson, et al., 2010) (Guðmundsson Á. , pers. comms., 2017), 

the first three of these correspond closely with the location of IDDP-1 and encountered 

granophyre towards bottom of hole, whilst K-36 was drilled directionally from the same area 

and encountered several hundred meters of superheated conditions. An additional magma 

sample was assigned for the location of the interpreted Heimisson chamber. These 

supplementary samples are low reliability, since the magma could be more distant than the 

50m assumed for the near-magma wells, while the geodetic location of inflation is itself low 

accuracy and may not necessarily confirm magma. These uncertainties were outweighed by 

the benefits of increasing the class size and gaining a sample at greater depth. Even after 

their addition, the minority magma class still only contained 7 samples, compared to the 

1,428 non-magma samples. The lack of magma samples in the training data makes 

partitioning a test set from the data prior to fitting a model unfeasible. 

Figure 2.10a shows this training data, with definite magma locations shown as red circles 

and inferred magma locations shown as red crosses. Figure 2.10b shows the additional 

samples which could be gained for the non-magma sample group by using the locations of 

seismic events – shown in green. Although this would provide a wealth of samples and 

reduce the extrapolation required in the prediction, it conflicts severely with many of the 

magma samples and would worsen the class imbalance even further. 

 

  
a) Without seismic event inferred non-

magma samples 

 

b) With seismic event inferred non-magma 

samples 

Figure 2.10 “magma” samples in VP, VP/VS, and 

logarithmic MT resistivity space. 
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Prediction locations extend well outside of the available training data, particularly for 

high VP values, low VP/VS, and low MT resistivity values. This results from the limited 

locations of the drillholes combined with the spatial trends observed in the geophysics 

datasets. For example, VP increases with depth meaning that wells sample only the lower 

values, making it impossible to assess the predictive power of the model at depth. This 

problem is illustrated in Figure 2.11, showing – for each dimension - the shortest parameter 

space distance of estimation locations from a sample at a well location.  

For VP these distances generally increase with depth.  For VP/VS they are greatest in a 

shallow area in the NW of the study area, as well as directly beneath the drilling. For MT 

resistivity they occur as isolated moderate-depth pockets – trending NE-SW. As such, 

although there may be portions of the study area with larger spatial gaps in drilling, the 

highlighted areas may benefit more from additional drilling in terms of testing the correlation 

of magma coding with the geophysics. The relative benefits vary between models however, 

due to the differing weightings given to the variables. 

 

  

a) VP (km/s) space distance from 

closest well sample  

b) VP/VS space distance from closest well sample  

 

 

c) Logarithmic MT resistivity Ωm 

space distance from closest well 

sample  

 

Figure 2.11 Parameter space distance from closest well 

location sample value, plotted spatially for a) VP (km/s), b) 

VP/VS, & c) MT resistivity logarithmic values in Ωm. Lowest 

50% filtered. Shown in AR2GEMS. 
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2.5.1 Thresholds of first magma appearance 

Based on the available data, magma only occurs at locations where VP is greater than 4.6 

km/s, VP/VS is below 1.77, and MT resistivity is greater than 1.7 logarithmic Ωm. In all 

cases however, non-magmatic intercepts also occur beyond these thresholds, and indeed at 

more extreme values than the magma intercepts. The use of lower cut-offs for VP and MT 

resistivity also conflicts with the expected response from magma – which should be reduced 

in both cases. A Boolean intersection of the combined volumes for these thresholds (Figure 

2.12) provides a crude method for constraining magma bodies in the representative 

conceptual models (see “2.6.1 Conceptual modelling sessions”). This is for illustration 

purposes only and the constraint is removed for related TIs (see “2.6.4 TI generation”).  

 

Figure 2.12 (VP>4.6) ∩ (VP/VS<1.77) ∩ (Res>1.7) shown 

in Leapfrog Geothermal. 

2.5.2 Machine learning approach for predictive magma model 

Supervised machine learning tools from the “scikit-learn” Python library (Pedregosa, et 

al., 2011) were used to develop the supervised classification model - predicting the 

probability of magma occurrence at each node within the simulation grid based on the three 

explanatory geophysics variables. 

Prior to model fitting, features were scaled to between 0 and 1 using scikit-learn’s 

MinMaxScaler function (Scikit-learn, n.d.). The imbalanced training data was addressed by 

down-sampling the dominant non-magma class without replacement, and up-sampling the 

minority magma class with replacement (Elite Data Science, 2017). Various degrees of this 

re-sampling were trialled, with 10 iterations performed for each combination of model type, 

down-sampling, and up-sampling. Down-sampling is given as a proportion of the non-

magma sample count, and up-sampling as a proportion of the down-sampled non-magma 

sample count. Up-sampling of 0 signifies no up-sampling of the minority class. 

Classification models were trialled using LR, NN, GP & SVM, with parameters tabulated in 

Table 5.18. 



2.5 GEOPHYSICS CONSTRAINING MAGMA BODIES

    

61 

Due to the random elements in scikit-learn’s fitting algorithms as well as the re-sampling, 

models and their resulting performance metrics vary slightly each time the model fitting is 

performed. Significant down-sampling discards large amounts of valuable data, whilst up-

sampling potentially over-relies on samples that may not be representative. It is also possible 

that a fitted model may perform well for a re-sampled dataset, but not for the full dataset. 

Even if both perform well, it may be a poor predictive model for the unknown locations, 

which cannot be tested due to a lack of separate test dataset. 

AUROC was the key performance metric for the models, however the accuracy score, 

number of unique classes predicted, and estimated time required for the simulation grid 

prediction were also considered. Given the severe class imbalance, an accuracy score of 

0.996 can be obtained by simply predicting all locations to be non-magma.  

The mean results for the 10 iterations are shown as shaded cross-plots in Figure 2.13. 

The highest accuracy scores for the LR, NN & GP models are obtained with no up-sampling, 

however this is due to only the majority class being predicted; resulting in a class count of 1 

and low AUROC scores. Up-sampling is required for the LR, NN and GP models to predict 

two unique classes, whereas the SVM models always does so regardless of re-sampling. The 

best AUROC scores for the NN, SVM & GP models are obtained without down-sampling, 

but with significant up-sampling. In contrast, the highest AUROC scores for the LR models 

are obtained with a combination of significant down-sampling and up-sampling.  

The best overall AUROC and accuracy scores are obtained from the NN models with no 

down-sampling of the majority class, coupled with up-sampling of the minority class to 90% 

of the majority class. The NN also gave the advantage of short processing times, in 

comparison to the significantly up-sampled GP models, which provided the next-best 

performance. As such, NN was selected as the preferred model for predicting magma 

probability, with the stated re-sampling strategy. 

 

  
a) AUROC (individual scale) 

 

b) AUROC (standard scale) 
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c) Accuracy 

 

d) Unique classes 

 

 

e) Estimated calulation time  

Figure 2.13 Cross-plots showing mean a-b) AUROC, c) 

accuracy, d) unique classes, & e) estimated calculation time for 

10 iterations of LR, NN, SVM, & GP models with varying 

degrees of re-sampling. Highest mean AUROC & accuracy 

shown as red ×. 

 

Figure 2.14a shows the decision surfaces representing equal probability of magma and 

non-magma resulting from 10 iterations of the NN model using the chosen re-sampling 

approach. Despite showing generally good agreement, the outer parts of the surfaces are 

poorly constrained in sample space and susceptible to variations resulting from the stochastic 

elements in the re-sampling and NN fitting. The significant up-sampling results in several 

non-magma samples falling on the magma side of the decision surface. Figure 2.14b shows 

the mean probability – which was used as the auxiliary variable.  

Magmatic material should theoretically slow P-waves, however the model shows a 

generally positive correlation between VP and magma probability. This is likely a misleading 

effect of VP reflecting with depth-related density, combined with the preferential sampling 

of the upper 2.5km by drilling, underlain by the magma samples. A generally negative 

relationship is shown between the probability of magma and VP/VS, which is consistent with 

the suggestion that the low VP/VS anomaly is due to superheated steam directly above melt 

(Schuler, et al., 2015). Although magmatic material would be expected to show reduced MT 
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resistance, the correlation shown by the models is generally positive. Resistivity can reflect 

numerous parameters - not least mineralogical alteration, which typically reflects a low 

resistivity cap above a high resistivity core in high temperature geothermal systems. 

The deepest portion of the model shows high magma probability in the SE quadrant, with 

thinner zones extending WNW-ESE below K-39 in the centre of the model and along the 

southern margin. These zones extend upwards to moderate depths, with an additional zone 

of high probability along the northern margin. The zone of high probability below IDDP-1 

is much smaller than below K-39 and lies between the zones of high probability in the North 

and centre of the model. The shallowest portion of the model shows low magma probability, 

except for small zones at the eastern and western ends, with some isolated pockets between 

wells. The zone of high probability along the southern margin is notable, as this falls on the 

southern side of the supposed WNW-ESE structure. 

 

 

  
a) 10 NN decision surfaces  

 

b) Mean (<0.5 filtered) 

Figure 2.14 a) Decision surfaces for 10 NN fits, b) spatially 

plotted magma probability mean. 

 

It is unknown if the model suffers from overfitting and its low reliability must be 

emphasised, especially in regions lacking training data. No attempts were made to tune 

algorithm parameters as the severe data limitations meant that it was unlikely to significantly 

improve the results. The model is almost certainly a significant overestimation of magma 

probability due to the up-sampling of the minority magma class – indeed 1/3 of the nodes in 

the model have >0.5 probability of magma, equating to 70km3. The unexpected relationships 

with the explanatory variables are also concerning. It is therefore considered that the model 

is inadequate for use as an auxiliary variable in the MPS, although one realisation 

demonstrating the intended use of the model is shown in “2.6.5 Local target probability”.  
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2.6 MPS 

For the MPS portion of the work, TIs were generated from conceptual geological models 

– themselves based on expert elicitation sessions. These consultation sessions were held with 

various experts, using Leapfrog Geothermal as a visualisation tool for the available data. 

Following the sessions, representative 3D models based on the suggestions were constructed 

in the software making use of its fast radial-basis function to implicitly model geological 

surfaces. This was highly beneficial for the project as it allowed numerous models to be 

made quickly with various combinations of the available datasets and interpolation 

parameters - minimising the need for manual wireframing with explicit edits.  

The MPS itself was undertaken in AR2GEMS, making use of its DeeSse 

implementation. This algorithm was chosen due to its ability to model non-stationary 

patterns using auxiliary datasets, as well as its capacity for parallel processing. All data 

processing and calling of functions in AR2GEMS were scripted in Python, to make runs 

easily reproducible and less prone to incorrect entry in the graphical user interface.  

2.6.1 Conceptual modelling sessions 

1-2 hour sessions were held with various academic and industry experts in geophysics 

and volcanology; recording their ideas and key decisions. Six sessions were held, with a 

separate expert consulted in each (Table 2.19). Understandably, some of the experts were 

reluctant to expound too greatly given the brief time available to consider the data, and it 

should be borne in mind that the suggestions resulting from the sessions do not represent 

their best expert opinion. Whilst this may initially appear to be a limitation, it means that 

they are not excessively biased by the work of others, and instead provide a fresh 

perspective. Indeed, the project aims to generate several possibilities, and the suggestion of 

even potentially unlikely “end-member” scenarios was encouraged.  

Collaborators Ben Kennedy and Jonathan Davidson from the University of Canterbury 

also attended the meetings as interested parties, since they were undertaking independent 

modelling work on the Krafla magmatic system. To avoid biasing the proceedings, they did 

not share their concepts during the sessions. A separate session was held, in which they 

explained and justified their model (Kennedy, pers. comms., 2017), scheduled for 

publication (Kennedy, et al., accepted). Whilst their modelling was undertaken outside of 

the framework of the sessions held for this work, their Leapfrog model will be trialled as a 

TI for the MPS portion of this project.  

 

Table 2.19 Conceptual modelling sessions. 

Name Role Date 

Freysteinn Sigmundsson Geophysicist, University of Iceland 09/3/2017 

Knútur Árnasson Geophysicist, ÍSOR 06/4/2017 

Magnús Tumi Guðmundsson Geophysicist, University of Iceland 10/4/2017 

Guðmundur Ómar Friðleifsson Chief Geologist, HS Orka 29/6/2017 

John Eichelberger Volcanologist, University of Alaska 

Fairbanks 

22/8/2017 

Ásgrímur Guðmundsson Senior Geologist, Landsvirkjun 12/9/2017 
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2.6.1.1 Session 1: Freysteinn Sigmundsson 

Sigmundsson suggested a 1km radius basaltic source, with a shallower 500m thick acidic 

sill approximating the eastern lobe of the S-wave shadow. The basaltic source is located at 

one of two locations suggested by previous interpretation of the geodetic data. The first 

scenario locates the basaltic body at 3km depth and approximately beneath Leirhnjúkur, in 

line with the Sturkell et al. chamber interpretation (Sturkell, Sigmundsson, Geirsson, 

Ólafsson, & Theodórsson, 2008). In the second, the shallow basaltic body is centred at 4.3km 

depth and approximately beneath the proposed acidic body, corresponding to the Heimisson 

et al. chamber interpretation (Heimisson, Einarsson, Sigmundsson, & Brandsdóttir, 2015).  

Drilling intercepts should be honoured, and the eastern lobe of the S-wave shadow 

should be approximated by the acidic body. The western lobe of the S-wave shadow need 

not be approximated, as there is a lack of surface expression in this area. The VP, VP/VS, and 

Resistivity datasets should not be used, as they are affected by many other physical 

parameters. Seismic events should not be honoured, as the depths are considered unreliable. 

2.6.1.2 Session 2: Knútur Árnasson 

Árnason suggested that the WNW-ESE striking structure visible in many of the 

geophysics datasets is a graben (Árnason, Vilhjálmsson, & Björnsdóttir, 2011), and may 

provide a southern limit to the shallow magmatism. Magmatic intrusions are hypothesised 

as a swarm of cross-cutting dykes and sills approximately represented by the S-wave 

shadows and situated immediately north of the WNW-ESE structure. Dykes are oriented 

both parallel to rifting and approximately perpendicularly, in the orientation of the WNW-

ESE structure. Acidic and intermediate bodies migrate from depth, rather than from a 

shallow crustal chamber. Magmatic emplacement may potentially be focused along the 

northern and southern margins of the swarm, creating the S-wave shadow observed, without 

requiring the entire swarm to be molten. The reduced shadow observed below Leirhnjúkur 

may be related to a region of the swarm drained of its magma during the Krafla Fires.  

Drilling intercepts should be honoured, however seismic events need not be, as they have 

unreliable depth.  

2.6.1.3 Session 3: Magnús Tumi Guðmundsson 

Guðmundsson suggested that magmatism may occur as a swarm of numerous thin sills 

within the region of observed low gravity, low VP, and low VP/VS. The presence of seismic 

events below the drilled magma intercepts is considered evidence that the magma bodies are 

numerous and small, since such events cannot occur within a liquid body. This is supported 

by the gravity low, which is not thought to show sufficient contrast to represent very large 

shallow bodies and is instead additional evidence for numerous smaller bodies. The lack of 

observed inflation since the Krafla Fires however, is interpreted as evidence that the magma 

bodies intercepted by drilling must be at least a few 10s of metres in size, such that they 

remained molten nearly 50 years later. As was also suggested by Árnason, the WNW-ESE 

structure acts as a southern limit to magmatism.  

Drilling intercepts and seismic events should be honoured.  
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2.6.1.4 Session 4: Guðmundur Ómar Friðleifsson 

Friðleifsson’s concept drew heavily upon fieldwork he undertook at the fossil Geitafell 

central volcano in Eastern Iceland, as well as at Krafla. Based on this, he considered Geitafell 

to be a reasonable analogue for Krafla, with the advantage that glaciation has exposed the 

deeper structure. He suggested that a “Heimisson” basaltic chamber and basaltic dykes are 

fed from beneath the spreading axis, with cone sheets radiating from the chamber towards 

the caldera rim. Acidic and intermediate magmas arise from partial melting of basaltic crust 

on the margins of the chamber, forming additional dykes and cone sheets. Rather than being 

a graben, Friðleifsson proposed that the lower density region to the north of the WNW-ESE 

structure is the result of magma induced inflation.  

Drilling intercepts should be honoured, as should seismic events. The “Heimisson” 

geodetic location should be honoured. 

2.6.1.5 Session 5: John Eichelberger 

Eichelberger suggested an approximately 1km thick acidic body, which is also 

hypothesised as the source for silicic pumice erupted at Víti during the Mývatn Fires. A 

much larger basaltic source ~500m below the acidic body provides the necessary heat for 

the acidic magma generation, through partial melting of the intervening hydrothermally 

altered basalt. This body is also the origin of the more copious and frequent basaltic 

eruptions but does not form a discrete chamber. Eichelberger argued that if the acidic magma 

bodies were small, it would be very unlikely to have intersected them in drilling, both 

spatially and temporally, given the relatively sparse drilling and transient molten state. If the 

body did indeed supply the acidic portion of the magma in the Víti eruption, this suggests 

that the body is large enough or convecting strongly enough to remain molten for nearly 300 

years.  

Drilling intercepts should be honoured, however seismic events need not be, due to their 

unreliable depths and potential association with propagation of small magmatic bodies.  

2.6.1.6 Session 6: Ásgrímur Guðmundsson 

Guðmundsson’s suggestions were very similar to Friðleifsson’s, in that pockets of 

granophyre and acidic melt occur on the margins of a “Heimisson” basaltic chamber, derived 

from partial melting of adjacent basaltic crust. Basaltic cone sheets radiate from the chamber 

in addition to dykes propagating both from depth and the chamber. Acidic and intermediate 

bodies occur as cone sheets and dykes propagating from the chamber. As such, no separate 

model was generated. 
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2.6.2 Independent work 

Outside of the framework of the modelling sessions, additional concepts were suggested 

by the author and derived from work by Ben Kennedy and Jonathan Davidson. 

2.6.2.1 Rifting dykes 

Following the suggestion of many combinations of dykes, sills, and sheets during the 

modelling sessions, the author suggests an additional simple end-member of only rift dykes. 

These may either propagate from depth or be associated with a “Heimisson” shallow basaltic 

chamber.  

Drilling intercepts should be honoured, however seismic events need not be due to their 

unreliable depths and potential association with propagation of small magmatic bodies. For 

a variant with a shallow basaltic magma chamber, the “Heimisson” geodetic centre of 

inflation should be honoured. 

2.6.2.2 Ben Kennedy & Jonathan Davidson 

Ben Kennedy and Jonathan Davidson independently developed a deterministic model 

for Krafla’s magmatic system, explained during an online session (Kennedy, pers. comms., 

2017) and to be released in a forthcoming publication (Kennedy, et al., accepted). They 

attempted to honour most of the available data whilst producing a single model, 

incorporating individually digitised dykes and sills. Notably, their model does not 

incorporate discrete magma chambers, but instead features large basaltic dykes and sills, 

which act as the sources for smaller acidic bodies above. No intermediate composition 

magma bodies were modelled. 

Drilling intercepts were honoured. The VP, VP/VS, and Resistivity datasets provided them 

guidance for the placement of the bodies but not at specific values. The S-wave shadow was 

used as the approximate outline for the modelled sills. Seismic events and the geodetic 

sources are not honoured due to their low accuracy.  
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2.6.3 Conceptual geological models 

Several simple Leapfrog Geothermal models were generated from the ideas suggested in 

the conceptual modelling sessions, with the rules applied for each model summarised in 

Table 2.20.  

 

Table 2.20 Summary table of data treatment for different 

conceptual models. 

 A B C D E F G H I J K 

Honour well intercepts ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Honour “Sturkell” geodetics ✓           

Honour “Heimisson” geodetics  ✓  ✓  ✓ ✓ ✓  ✓  

Limit to VP>4.6 km/s   ✓ ✓ ✓ ✓ ✓  ✓ ✓  

Limit to VP/VS<1.77   ✓ ✓ ✓ ✓ ✓  ✓ ✓  

Limit to Res>1.7 logarithmic Ωm   ✓ ✓ ✓ ✓ ✓  ✓ ✓  

Approximate S-wave shadow ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Avoid seismic events     ✓ ✓ ✓     

Termination at WNW-ESE 

structure  

  ✓ ✓ ✓ ✓      

Stochastic-implicit bodies   ✓ ✓ ✓ ✓ ✓  ✓ ✓  

Gaussian spatial distribution for 

acidic and intermediate bodies 

   ✓  ✓ ✓   ✓  

Intermediate composition bodies 

modelled 

  ✓ ✓ ✓ ✓ ✓  ✓ ✓  

 

The use of geophysics threshold values to limit some of the representative models is 

purely for illustration purposes and should not be interpreted as an understanding of the 

underlying processes. Greater attention to the geophysics as a constraint is given in “2.5.2 

Machine learning approach for predictive magma model”, and the cut-off constraints were 

removed when creating TIs from the conceptual models. 

2.6.3.1 Stochastic implicit method  

For some of the conceptual models, a stochastic element was added by importing 

randomly positioned points which were used as “seeds” for the magma bodies. Adjacent 

points were also generated to represent the non-magmatic host rock. For example, NS 

trending dykes would be given host points to the East and West of the “seed”, offset by the 

desired thickness of the body. These thicknesses were drawn from the CDFs modelled in 

“2.2.3 Intrusion thickness” based on the solidified intrusions intersected by drilling. This 

approach is not truly representative, since the points define the widest part of the resulting 

elliptical body’s diameter. The weighting of the host points and magma “seed” were made 

equal, such that the resulting body was generated approximately equidistant between the 

points. The proportions of the seeds assigned to the different intrusion lithologies were taken 

from the ratios determined by analysing the solidified intrusions encountered by drilling in 

“2.2.2 Lithology analysis”. 

This approach was used as some of the proposed features would be extremely arduous 
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to construct individually at arbitrary locations, as well as being liable to the introduction of 

bias when doing so. This simply eased the initial creation of certain textures and does not 

constitute the stochastic element of the project. Since the “seeds” are spatially independent, 

poor results were sometimes generated due to conflicting points. Indeed, as the density of 

the “seeds” is increased, there is a greater chance of points conflicting. The total number of 

seeds was arbitrary as the volume of molten bodies is unknown, and their size was also 

determined by assumed interpolation parameters. Since the purpose of these models is to 

provide TIs for MPS rather than to provide a deterministic model, it was permissible to 

simply iterate with different sets of points until acceptable results were obtained, with 

“1,000” seeds proving reasonable for the model volume. The DeeSse algorithm can alter 

proportions of the different lithologies on a local and global level, allowing flexibility from 

the TI. The original intention of the project was to constrain the quantity of magma using 

the magma predictive model, however its shortcomings mean that this is not possible. 

The X, Y & X positions of the seeds were drawn from uniform distributions, except for 

models including a magma chamber; in which case the intermediate and acidic intrusion 

seeds were instead drawn from a Gaussian distribution centred at the top of the chamber, 

with σ = 500m. This reflects the assumption that these melts are derived from partial melting 

of crust around the chamber.  

This approach required the significant assumptions that not only is well data 

representative of the model space, but also that the solidified intrusions encountered by 

drilling are representative of molten bodies, despite potentially significant spatial and 

temporal differences. In addition, whilst the generally vertical wells may sample horizontal 

bodies such as sills quite representatively, this will not be the case for a vertical body such 

as dykes, which will be under-sampled and badly affected by the discrepancy between 

apparent and true thicknesses. As such, the sills produced using the approach are likely more 

reliable than dykes or cone sheets. 

 

  
a) Cross-cutting sill and dyke with red magma “seeds” 

and blue host points 

b) Gaussian intermediate and acidic 

sills and seeds above chamber   

Figure 2.15 a) Cross-cutting sill and dyke shown with 

magma “seeds” in vertical slice, b) intermediate and acidic 

seeds and resulting sills with Gaussian spatial distribution 

above basaltic chamber. Shown in Leapfrog Geothermal. 
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2.6.3.2 Model A: “Sturkell” chamber with acidic body 

Based on Sigmundsson’s first scenario, the shallow basaltic chamber in Model A used 

the Sturkell et al. interpretation of the chamber location (Sturkell, Sigmundsson, Geirsson, 

Ólafsson, & Theodórsson, 2008), overlain by an acidic body approximating the eastern lobe 

of the S-wave shadow. No intermediate composition magma was modelled. 

 

 

 

a) Facing West 

 
b) Facing North c) Facing Down 

Figure 2.16 Model A conceptual model using the Sturkell 

et al. interpretation of geodetic data, shown in Leapfrog 

Geothermal. 

 

When modelled, the 1km radius “Sturkell” chamber was only 200m from the termination 

of well K-35. Although seismic events were not used in the model, it is noted that the 

chamber conflicts with several, as well as being in a region of relatively high VP and low 

VP/VS. As such, the “Heimisson” chamber was used in preference in subsequent models 

when basing a magma chamber on geodetics.  
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2.6.3.3 Model B: “Heimisson” chamber with acidic body 

Based on Sigmundsson’s second scenario, the shallow basaltic chamber in Model B used 

the Heimisson et al. interpretation of the chamber location (Heimisson, Einarsson, 

Sigmundsson, & Brandsdóttir, 2015), overlain by an acidic body approximating the eastern 

lobe of the S-wave shadow. No intermediate composition magma was modelled. 

 

 

 

a) Facing West 

 
b) Facing North c) Facing Down 

Figure 2.17 Model B conceptual model using the 

Heimisson et al. interpretation of geodetic data, shown in 

Leapfrog Geothermal. 
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2.6.3.4 Model C: cross-cutting dykes and sills  

Based on Árnason’s suggestion of cross-cutting dykes and sills, Model C implemented 

these using the stochastic implicit technique outlined in “2.6.3.1 Stochastic implicit ”, based 

on the thicknesses and lithology proportions observed in drilling intercepts.  Well intercepts 

were honoured while seismic events are not. The VP, VP/VS, and Resistivity datasets 

provided outer constraints using magma first-appearance cut-offs, which indirectly 

approximated the S-wave shadow. 

Interpolation parameters for the sills, WNW-ESE dykes, and rifting dykes are tabulated 

in Table 5.14, Table 5.15 & Table 5.16 respectively. Sills were given a strong 15:15:1 planar 

trend, whilst dykes were given a 40:20:1 vertically oriented planar trend with the orientation 

of intermediate continuity aligned with the trend of the dyke. 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.18 Model C conceptual model of cross-cutting 

dykes and sills north of interpreted EW structure, shown in 

Leapfrog Geothermal. 
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2.6.3.5 Model D: cross-cutting dykes and sills with “Heimisson” basaltic chamber 

Model D was also based on Árnason’s ideas but explored the possibility of a shallow 

basaltic “Heimisson” chamber (Figure 2.19). Sills and dykes were again implemented using 

the stochastic implicit technique technique outlined in “2.6.3.1 Stochastic implicit ”, based 

on the thicknesses and lithology proportions observed in drilling intercepts.  Intermediate 

and acidic intrusions were given a Gaussian spatial distribution of σ = 500m, focused at the 

top of the chamber. The VP, VP/VS, and Resistivity datasets provided outer constraints using 

magma first-appearance cut-offs, which indirectly approximated the S-wave shadow. 

Interpolation parameters for the sills, WNW-ESE dykes, and rifting dykes are tabulated 

in Table 5.14, Table 5.15 & Table 5.16 respectively. Sills were given a strong 15:15:1 planar 

trend, whilst dykes were given a 40:20:1 vertically oriented planar trend with the orientation 

of intermediate continuity aligned with the trend of the dyke. 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.19 Model D conceptual model of cross-cutting 

dykes and sills north of interpreted EW structure, with 

“Heimisson” basaltic chamber, shown in Leapfrog Geothermal. 
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2.6.3.6 Model E: numerous sills  

Based on Magnús’ suggestions, model E implemented sills that honour the drilling 

intercepts and avoid seismic events, using the stochastic implicit technique outlined in 

“2.6.3.1 Stochastic implicit ”, based on the thicknesses and lithology proportions observed 

in drilling intercepts. In addition, the VP, VP/VS, and Resistivity datasets provided outer 

constraints using magma first-appearance cut-offs, and indirectly approximate the S-wave 

shadow.  

Interpolation parameters for the sills are tabulated in Table 5.14. Sills were given a strong 

15:15:1 planar trend. 

 

 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.20 Model E conceptual model of numerous sills, 

shown in Leapfrog Geothermal. 
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2.6.3.7 Model F: numerous sills with “Heimisson” chamber  

Model F deviated from Magnús’ suggestions by exploring the possibility of a 

“Heimisson” shallow basaltic chamber (Figure 2.21). Sills were again implemented using 

the stochastic implicit technique outlined in “2.6.3.1 Stochastic implicit ”, based on the 

thicknesses and lithology proportions observed in drilling intercepts.  The intermediate and 

acidic intrusions are given a Gaussian spatial distribution of σ = 500m, focused at the top of 

the chamber. In addition, the VP, VP/VS, and Resistivity datasets provided outer constraints 

using magma first-appearance cut-offs, and indirectly approximate the S-wave shadow. 

Interpolation parameters for the sills are tabulated in Table 5.14. Sills were given a strong 

15:15:1 planar trend. 

 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.21 Model F conceptual model of numerous sills 

with “Heimisson” basaltic chamber, shown in Leapfrog 

Geothermal. 
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2.6.3.8 Model G: “Heimisson” chamber with sheets and dykes 

Based on Friðleifsson’s ideas, model G consisted of dykes and cone sheets radiating 

from a “Heimisson” chamber. It implements these using the stochastic implicit technique 

outlined in “2.6.3.1 Stochastic implicit ”, based on the thicknesses and lithology proportions 

observed in drilling intercepts, using a structural trend with parameters tabulated in Table 

5.17 based on the data discussed in “2.3 Cone sheet structural field”. 

. The intermediate and acidic bodies were given Gaussian spatial distributions with σ = 

500m, focused at the top of the chamber. Drilling intercepts and seismic events were 

honoured. In addition, the VP, VP/VS, and Resistivity datasets provided outer constraints 

using magma first-appearance cut-offs, and indirectly approximate the S-wave shadow. 

 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 
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d) 200m thick vertical slice through “Heimisson” chamber, facing 15° 

Figure 2.22 Model G conceptual model of dykes and cone 

sheets based on Geitafell analogue, shown in Leapfrog 

Geothermal. 
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2.6.3.9 Model H: upwelling basalt with acidic body 

Based on Eichelberger’s concept, model H consisted of a large upwelling basaltic body, 

overlain by a smaller acidic body. No intermediate composition bodies were modelled. 

Drilling intercepts are honoured, however seismic events were ignored. Similarly, the VP, 

VP/VS, and Resistivity datasets were not used to constrain the bodies, although the S-wave 

shadow was approximated by the basaltic body. The “Heimisson” source location lay within 

the basaltic source and was honoured as a centre of inflation for the Krafla Fires.  

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.23 Model H conceptual model of a single acidic 

body above an upwelling basaltic source, shown in Leapfrog 

Geothermal. 
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2.6.3.10 Model I: rifting dykes 

Based on the rifting dykes concept, Model I implemented these using the stochastic 

implicit technique outlined in “2.6.3.1 Stochastic implicit ”, based on the thicknesses and 

lithology proportions observed in drilling intercepts.  The VP, VP/VS, and Resistivity 

provided constraints through magma first-appearance cut-offs, and indirectly approximated 

the S-wave shadow. Seismic events were not honoured. 

Interpolation parameters for the rifting dykes Table 5.16. Dykes were given a 40:20:1 

vertically oriented planar trend with the orientation of intermediate continuity aligned with 

the trend of the dyke. 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.24 Model I conceptual model of rifting dykes, 

shown in Leapfrog Geothermal. 
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2.6.3.11 Model J: rifting dykes with “Heimisson” chamber 

Model J was similar to Model I but explored the possibility of a “Heimisson” shallow 

basaltic chamber (Figure 2.25) in conjunction with rifting dykes. Dykes were implemented 

using the stochastic implicit technique outlined in “2.6.3.1 Stochastic implicit ”, based on 

the thicknesses and lithology proportions observed in drilling intercepts.  The intermediate 

and acidic intrusions were given a Gaussian distribution of σ = 500m, focused at the top of 

the chamber. Seismic events were not honoured due to the low accuracy of their depths. The 

VP, VP/VS, and Resistivity provided constraints through magma first-appearance cut-offs, 

and indirectly approximated the S-wave shadow.  

Interpolation parameters for the rifting dykes are tabulated in Table 5.16. Dykes were 

given a 40:20:1 vertically oriented planar trend with the orientation of intermediate 

continuity aligned with the trend of the dyke. 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.25 Model J conceptual model of rifting dykes with 

“Heimisson” basaltic chamber, shown in Leapfrog Geothermal. 
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2.6.3.12 Model K: basaltic rifting dykes and sills, feeding smaller acidic bodies 

Ben Kennedy and Jonathan Davidson’s model is shown in Figure 2.26, constrained to 

the project area and discretised using the 50x50x50m grid. 

 

 

 

a) Facing West 

 

b) Facing North c) Facing Down 

Figure 2.26 Model K deterministic model, shown in 

Leapfrog Geothermal. 

 

2.6.4 TI generation 

TIs for the MPS were derived from the results of the conceptual modelling. Whilst model 

A, B, H & K were used directly, the remaining models were adapted to make them more 

stationary and to increase pattern repetition. This was done by removing geophysics cut-

offs, constraint by the WNW-ESE structure, and HD. Five iterations were created using 

different sets of random points for each model, which were then implemented as multiple 

TIs in the DeeSse algorithm with an equal probability of selection. The intention in doing so 

was to better represent the CDFs governing the stochastic-implicit component, as well as 

prevent verbatim reproduction of TI patterns. Figure 2.27 shows slices through examples of 

the resulting TIs. 
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a) Model C: cross-cutting dykes and sills 

with no chamber 

b) Model D: cross-cutting dykes and sills 

with “Heimisson” basaltic chamber 

  

c) Model E: sills with no chamber d) Model F: sills with “Heimisson” basaltic 

chamber 

  

e) Model I: rifting dykes with no chamber f) Model J: rifting dykes with “Heimisson” 

basaltic chamber 

Figure 2.27 TIs based on a) Model C, b) Model D, c) 

Model E, d) Model F, e) Model I, & f) Model J. 200m thick 

vertical slice facing 15° in Leapfrog Geothermal. 

 

Model G is inherently non-stationary due to the spatially dependent dip and azimuth of 

the cone sheets, and as such was unsuitable for use as a TI. Instead, the Model F’s TIs were 

modified to remove sills not connected to the magma chamber, and used in conjunction with 

auxiliary variables for dip and azimuth generated in “2.4.1 Cone sheet structural field”. 

These provide the algorithm local instructions on how to rotate the TIs during sampling. The 

result is that the planar sill features are rotated such that they radiate outwards and upwards 

from the magma chamber in the desired manner.  
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Attempts were fairly unsuccessful and although the sheets were correctly oriented, the 

basaltic magma chambers became incredibly dominant. Figure 2.28a shows one of the 

modified Model F TIs and Figure 2.28b shows one of the resulting realisations. Due to the 

lack of success and limited processing time available on the modelling workstation, efforts 

were eventually abandoned. 

 

  
a) Modified model F TI b) Example realisation  

Figure 2.28 a) modified model F TI used for cone sheet 

modelling, b) resulting realisation. 

 

2.6.5 Local target probability  

Although it was originally intended that the magma probability model would act as an 

auxiliary variable for local target probability in the “magma_lith” MPS simulations, this was 

abandoned due to the low reliability of the model. In addition, trials of DeeSse simulations 

using local target probability were hampered by prohibitively long processing times; 

requiring several days to produce a single realisation. The technique is demonstrated in 

Figure 2.29 for a smaller region of the simulation grid consisting of 500m wide sections, 

using coarser DeeSse settings than in the rest of the simulations – showing that the results 

only approximate the local probability. 

 

  
a) Magma target probability b) Realisation 

Figure 2.29 example realisation using local target 

probability provided by predictive magma model. 
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2.6.6 “lith” MPS 

For comparison, a single realisation for “lith” was generated using the model E TI with 

modified coding (Figure 2.30). Global target proportions were applied based on the 

proportions found in the well “lith” HD, and the simulation was constrained to the smaller 

region used for the SIS (“2.6.6 “lith” MPS”), but still required ~10hours to process. This 

would be a very interesting avenue to explore in future work, as the HD is far more 

informative than the largely homogenous “magma_lith” HD. Local target probability trends 

could be used to better model the increasing proportion of intrusive bodies with depth, 

although the excessive processing times would be a challenge. 

 

 

Figure 2.30 example DeeSse realisation using model E TI 

& global target proportions. Vertical slice with 15º strike, in 

AR2GEMS. 

 

2.6.7 MPS parameters 

Parameters for all DeeSse runs are tabulated in Table 5.10, with an explanation for each 

given in Table 2.21. A set of 100 “magma_lith” DeeSse realisations without target 

probabilities were generated for each TI except Model G, in batches of 5. This left one CPU 

thread idle to deal with any other processes. For each of these, the seed number was set to 

the index of the first realisation in the batch to allow repeatability. 

A single “magma_lith” DeeSse realisation was generated using the local target 

probability for model E, to demonstrate the use of a predictive magma model (“2.6.5 Local 

target probability ”). In addition, a single “lith” realisation was generated using the model E 

TIs with modified coding (“2.6.6 “lith” MPS”). This was given global target probabilities 

from the “lith” well HD and constrained to the same region as the SIS results (“2.7 SIS”).  

A maximum of 50 nodes were permitted in the search neighbourhood, considered large 

enough to reproduce the larger scale patterns in a 3D TI, whilst preventing the processing 

times form becoming too impractical. A spherical search neighbourhood was given a radius 

of 50 nodes; almost equal to the size of the TI. This is large and worsened processing times 

significantly, as well as increasing the risk of verbatim copy from the TI (Mariethoz & Caers, 
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2015), but was considered necessary to capture the largest scale patterns. A distance 

threshold of 0.04 was used when scanning for a data event in the TI; permitting 2 of the 50 

nodes in the search neighbourhood to mismatch. The maximum scan fraction was set to 1; 

allowing the algorithm to scan the entire TI if the distance threshold was not satisfied. Whilst 

this high scan fraction increased processing times and the risk of verbatim copy from the TI 

(Mariethoz & Caers, 2015), it helped to overcome some of the problems posed by TIs 

containing little repetition of large scale patterns. The HD was given a weight of 100 relative 

to the weight of simulated nodes within the search neighbourhood. 

Given the large number of parameters and limited capacity for experimentation due to 

long processing times and limited machine access, it is very likely that better parameters 

could be determined given additional time. 

 

Table 2.21 MPS parameter definitions. 

Parameter Definition 

rotation Use local rotation of TI (0=no, 1=yes) 

azi_prop Azimuth for local rotation of TI 

dip_prop Dip for local rotation of TI 

scaling Use global scaling of TI (0=no, 1=yes) 

x Scaling factor in x axis 

y Scaling factor in y axis 

z Scaling factor in z axis 

threads Number of threads to use when processing 

postprocess Perform post-processing (0=no, 1=yes) 

scan_fraction Maximum scan fraction of TI 

sim_name Realisation name prefix 

reuse Re-use realisation name prefix (0=no, 1=yes) 

rx Maximum radius of search neighbourhood in x axis 

ry Maximum radius of search neighbourhood in y axis 

rz Maximum radius of search neighbourhood in z axis 

ax Number of nodes corresponding to distance of 1 in x axis 

ay Number of nodes corresponding to distance of 1 in y axis 

az Number of nodes corresponding to distance of 1 in z axis 

azi Azimuth of search neighbourhood 

dip Dip of search neighbourhood 

plunge Plunge of search neighbourhood 

max_nodes Maximum number of nodes in neighbourhood 

threshold Minimum acceptance threshold for data event match in TI 

HD Use hard data (0=no, 1=yes) 

HD_name Grid name for hard data 

HD_prop Property name for hard data 

HD_weight Relative weight of hard data to simulated nodes in search neighbourhood 

prob Use target probability (0=no, 1=yes) 

local_prob Use local target probability (0=no, 1=yes) 

prob_radius Radius in nodes of local target probability 

class_0 Interval representing non-magma “magma_lith” or non-intrusive “lith” 

target_0 Property name for “class_0” local target probability or set value for 

global target 

class_1 Interval representing basaltic “magma_lith” or basaltic “lith” 
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target_1 Property name for “class_1” local target probability or set value for 

global target 

class_2 Interval representing intermediate “magma_lith” or intermediate “lith” 

target_2 Property name for “class_2” local target probability or set value for 

global target 

class_3 Interval representing acidic “magma_lith” or acidic “lith” 

target_3 Property name for “class_3” local target probability or set value for 

global target 

class_1234 Interval representing combined basaltic, intermediate & acidic 

“magma_lith” or “lith” 

target_1234 Property name for “class_1234” local target probability or set value for 

global target 

prob_meth Local probability field CDF matching method (0=Mean Average Error, 

1=Root Mean Squared Error, 2=Kullback-Leibler Divergence, 

3=Jensen-Shannon Divergence, 4=Mean Likelihood Ratio – symmetric 

target interval, 5=Mean Likelihood Ratio – optimized target interval) 

prob_threshold Small value implies a strong constraint 

 

 

2.6.8 Post-processing 

Due to the necessity of allowing imperfect data event matches, the DeeSse algorithm can 

result in undesirable patterns not found in the TI. Some of these can be easily filtered out to 

create more coherent results. A Python script was created which analyses each realisation 

for isolated nodes; where the node’s class matches none of the 26 adjacent nodes – including 

diagonal connections. They were then assigned to the most common of the adjacent classes 

(blue ellipses in Figure 2.31). In addition, non-magmatic nodes surrounded on three or more 

of their six directly facing sides by a dominant magmatic class, were assigned to this class 

(red ellipses in Figure 2.31). This is designed to remove “holes” in continuous magmatic 

bodies. These corrections were not undertaken for HD locations. 

 

    

a) Before post-processing b) After post-processing 

Figure 2.31 Realisation a) before & b) after post-

processing. Blue ellipse shows removal of isolated node. Red 

ellipse shows removal of “hole” in magmatic body. 
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2.7 SIS 

Although there are too few magma intercepts to undertake meaningful variography for 

“magma” or “magma_lith” coding, “lith” can be characterised in this way - allowing SIS 

realisations to be generated in AR2GEMS. Although this does not pertain to the aim of the 

thesis but allows a comparison of SIS and MPS techniques.  

Variography was undertaken for a non-intrusive class indicator of the composited 

samples on the simulation grid, as it is by far the most populous category in drilling data. 

The 50m length of the composites and grid spacing led to a 50m lag being used, with 

additional parameters tabulated in Table 5.7. Although the largest separation between wells 

is approximately 4.5km laterally, the longest distance between samples in a vertical direction 

is approximately 2.5km. A maximum separation distance of 2.5km is considered. It was 

determined that the orientation of greatest continuity has a dip of 10° towards a 50° azimuth, 

whilst the least continuity dips 80° towards a 230° azimuth (Table 5.7) – with the orthogonal 

intermediate continuity similar in character to the orientation of greatest continuity. Zonal 

and geometric anisotropy were used to fit a model to the resulting variograms (Figure 2.32 

& Table 5.8) – although the fits deteriorate for lags greater than 2km.  

A trend is evident in the orientation of least continuity, with variance continuing to rise 

as separation distance is increased. This trend was previously observed manually in the 

drilling data as an increasing proportion of intrusive lithologies with depth. Lesser trends are 

visible in the orientations of greatest and intermediate continuity, with semivariance 

continuing to rise at separation distances greater than 1km, despite having reached a local 

sill at lower separation distances – suggesting only local stationarity. Whilst the upper 

portion of the model should not suffer greatly from using ordinary kriging to estimate the 

conditional CDF at simulation locations, the more significant trend in the vertical orientation 

means that extrapolation below wells would be vulnerable. Universal kriging was not 

considered necessary and the simulations were simply constrained to nodes above the 

deepest well location at 2,400m BSL, to limit the effects of extrapolating with the trend. Due 

to the lack of wells between Leirhnjúkur and the isolated wells in the South of the study 

area, a relatively large spherical neighbourhood of 2.5km radius was used to ensure that each 

location was informed by at least 5 samples – to a maximum of 30. As such, simulations 

were also constrained to nodes within 2km of wells to prevent extrapolation beyond the 

informed portion of the variogram model. Batches of 5 realisations processed in <15 

minutes. 

 

  
a) Greatest continuity 

 

b) Intermediate continuity 
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c) Least continuity d) Region of grid constraining simulations 

Figure 2.32 Non-intrusive lithology indicator variograms 

overlain with variogram model, & d) region of the simulation 

grid used to constrain realisations. Shown in AR2GEMS. 

2.8 Stochastic modelling validation  

SIS realisations were validated by comparing the proportions of simulated classes 

against those found in the well data. MPS realisations were validated in a similar manner 

but compared with the proportions found in the TIs. Although the global proportions may 

be changed somewhat by the HD, very significant shifts likely indicate that poor MPS 

parameters or TIs are responsible. Sets of unconditioned realisations would have allowed 

this to be better tested; if similar shifts had been present, it would have indicated that HD 

was not responsible. Unfortunately, a lack of time meant that these were not generated. 

Indicator variograms for the non-magma class were calculated along vectors of the SIS 

simulation grid approximating orientations of greatest, intermediate and least continuity for 

35 single-node lags in the first two orientations and 50 in the third, consistent with the 2.5km 

considered for the variogram modelling (parameters tabulated in Table 5.9). This was 

undertaken for 50% of the realisations and compared with the variogram model. For the 

MPS results, indicator variograms were calculated for each class along the axes of the grid 

for a maximum of 60 single-node lags – equivalent to half of the grid’s width. These were 

then compared with similar variograms calculated for the TIs. This was undertaken for all 

TIs and 10% of the realisations. A visual comparison of the realisations with the TIs was 

also made to check for obvious discrepancies. 

Although connectivity function analysis is a preferred method for validating MPS results 

(Mariethoz & Caers, 2015) (Pardo-Iguzquiza & Dowd, 2003), the sparsity of the magma 

bodies being simulated means that for a given class, almost all but the lowest separation 

distances result in no pairs, while non-magma regions are almost always connected. This 

makes the technique of little use for comparing realisations with TIs.  
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2.9 Stochastic modelling uncertainty quantification 

For each set of post-processed realisations resulting from a given simulation, various 

measures of uncertainty were calculated. The conditional probabilities of the simulated 

classes at each simulation node were calculated from the frequency of occurrence in the 

realisations. Phi and entropy were calculated for each grid node using the formulae given in 

“1.4.3 Phi” & “1.4.4 Information entropy”.  

The dSMC and dJAC were calculated between realisations to create two distance matrixes 

for each set of simulation results. Where dSMC is used, this applied to the “magma_lith” or 

“lith” coding directly after post-processing. dJAC is only performed on the “magma_lith” 

MPS realisations, using a “magma” indicator that combines all of the magmatic codes. Due 

to the large quantity of non-magma in most realisations, the dJAC values tend to be much 

larger than dSMC and are more meaningful when considering the presence of magma – 

regardless of type. Meanwhile, dSMC between a basaltic sample and non-magma sample is 

the same as between a basaltic and acidic magma sample.  

k-means clustering was performed on the distance results using Scikit-learn (Scikit-learn, 

n.d.) for k clusters from 1 up to the number of realisations (parameters in Table 5.19). Scree 

plots were constructed for the resulting “score” values - defined as the opposite of the 

summed squared distance of all samples from their cluster’s mean. Often, the plots showed 

a clear elbow - after which the marginal reduction in stress becomes much less for additional 

clusters. The elbow location was determined automatically as the point furthest from the line 

drawn between the first and last result. The closest realisation to each cluster mean was 

determined by Nearest Neighbour estimation (Scikit-learn, n.d.) and considered 

representative.  

The results were also projected in MDS space using Scikit-learn (Scikit-learn, n.d.), for 

dimensions from 1 up to the number of realisations (parameters tabulated in Table 5.19). 

Scree plots were generated by plotting the resulting Kruskal stresses (Kruskal, 1964) against 

the number of dimensions. The location of the elbow was calculated and if the corresponding 

Kruskal stress was “fair” or better, with 2 or 3 dimensions suggested, the re-projected 

clustered results were also plotted using these dimensions for visualisation. Originally the 

intention was to re-project the distances in MDS space prior to clustering, however the 

Kruskal stresses showed that such re-projection would have introduced large inaccuracies 

and the potential reductions in k-means processing times were not sufficiently worthwhile.  

In practice, none of the models showed low enough dimensions to be visualised in MDS 

space, however Figure 2.33 illustrates this methodology for a distance matrix representing a 

set of 10 synthetic realisations, determining that re-projection in 2D is adequate, with 3 

clusters for k-means. Improvements in Kruskal stress and ‘score’ are then much diminished 

for each subsequent dimension or cluster added. The realisations were clustered and the re-

projected results are plotted alongside the cluster means; 2, 4, & 9 being the closest. 
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a) Elbow test to determine appropriate 

number of MDS dimensions 

b) Elbow test to determine appropriate k for k-means 

clustering 

  

c) Distances reprojected in 2D MDS space, 

coloured by cluster 

d) Summary of representative realisation cluster 

sample counts and standard deviation 

Figure 2.33 Elbow tests for a) MDS dimensions, & b) k-

means clusters. c) clusters projected in 2D MDS, & d) cluster 

sample count and std. dev. for representative realisations. 

2.10 Summary 

Data was gathered from several sources, including previous geological models generated 

in Petrel. Many errors were found, which were resolved where possible, or excluded. Any 

remaining errors were unlikely to significantly affect the modelling results, which are 

already subject to large reductions in resolution and significant assumptions. Well data and 

seismic events, as well as the VP, VP/VS, and resistivity models were stored in an Access 

database. 2D spatial data was stored in QGIS. A Cartesian simulation grid was defined with 

each dimension measuring 120 nodes 50m apart. A non-rotated simulation grid was required 

due to a limitation of the AR2GEMS DeeSse implementation, but all HD was rotated -15º 

about the grid’s Z-axis origin. After generation, simulation results are then rotated 15º about 

the grid’s Z-axis origin to align better with the rift axis and WNW-ESE structure. 

Analysis of the well data showed that 72% of the wells by length were non-intrusive 

lithologies. Of the intrusions by count, 86% of were basaltic, 4% were intermediate, and 

11% were acidic. The apparent thickness distributions for each lithology were modelled as 

Weibull distributions. These suggested much thicker intrusions than were observed in the 

Geitafell sheet data - possibly a result of using apparent thicknesses combined with the 
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inability to distinguish adjacent intrusions of similar composition - or potentially indicating 

that Geitafell is not a good analogue. Despite the observed differences, a basic cone sheet 

structural field was created for Krafla, inferred from the geodetic source locations and 

caldera faults, with the convex-up form inferred at Geitafell.  

The VP and VP/VS models were interpolated onto the simulation grid using ordinary 

kriging, whilst the MT resistivity model was interpolated using inverse distance weighting. 

For each, cross-validation suggested good performance, although some changes in their 

distributions were observed. The cone sheet structural field was also interpolated onto the 

grid using inverse distance weighting. 

The geophysics values co-located with well “magma” coding provided the features for a 

supervised machine learning classifier. Due to severe imbalance, the minority magma class 

was supplemented with the location of the Heimisson centre of inflation, as well as several 

locations inferred to be near-magma. In addition to the severe class imbalance, the model 

was limited by the need to extrapolate for prediction locations well outside of the training 

data, as well as the inability to separate a training and test dataset. After testing varying 

degrees of down-sampling for the majority class and up-sampling of the minority class, the 

best was determined to be a NN model with no down-sampling, and up-sampling to 90% of 

the majority class. The geophysical measures reflect many other physical parameters and 

the relationships in the resulting model are likely vastly simplified and possibly misleading, 

for example the positive relationship between magma probability and VP probably reflecting 

increasing density with depth, while an unexpected generally positive correlation between 

magma probability and MT resistivity was observed. The huge uncertainty in the model 

meant that it was unsuitable for use as a guide for local target probability in the MPS. 

During the conceptual geological modelling sessions, the consulted experts frequently 

relied upon the types of data they were most familiar with, as might be expected for highly 

specialised individuals. In addition, some were reluctant to expound too greatly given the 

time limitations. The sessions highlighted a significant lack of consensus regarding not only 

the location and morphology of Krafla’s magma bodies, but also how different datasets may 

be interpreted. Resulting representative models were created based on the suggestions but 

simplified for modelling purposes. For the swarmed sills, dykes and sheets, stochastic-

implicit bodies were generated using magma “seeds” and adjacent points to represent the 

host rock, with desired thicknesses and lithology distributions determined from the well data 

analysis. This approach is less reliable for more steeply dipping structures due to the 

sampling bias of the generally vertical wells. 

100 DeeSse “magma_lith” realisations were generated for each of the TIs, except model 

G. Demonstrative DeeSse realisations were also generated for “lith” using model E’s TI with 

global target proportions, and “magma_lith” using model E’s TIs with local target 

proportions. 100 SIS realisations were also generated for “lith”. It was anticipated that some 

of the TIs would not be particularly suitable for MPS due to a lack of repetition and 

stationarity, making validation of results especially important. This also led to the use of 

extreme MPS parameters such as very large search neighbourhood and maximum scan 

fraction, which probably worsened processing times and verbatim copy. Validation 

consisted of comparing the proportions of the different classes in the realisations with those 

found in the TIs for MPS and in the well HD for SIS. In addition, indicator variograms for 

the realisations were compared with those of the TI for MPS and variogram model for SIS. 

A visual check was also performed to determine if patterns in the MPS realisations 

resembled those found in the TI.  

Simulation processing time was a significant obstacle to the workflow, since access to 

the modelling workstation was limited to overnight and weekends. A batch of 5 realisations 
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ranged from as little as ~20 minutes for model F to ~7 hours for model D. Using auxiliary 

variables for dip and azimuth when simulating model G also increased processing times, 

although eventually this approach proved unsuccessful anyway. Using local target 

probability drastically increased processing times to several days per realisation, although 

only 1 demonstration realisation was generated, since the magma predictive model was 

deemed inadequate. Even the single realisation for “lith” on a limited region of the grid using 

global target probability took ~10 hours. Since a local target probability wasn’t used for the 

realisations, magma was sometimes simulated in intuitively unlikely locations, such as very 

shallow depths. In addition, the arbitrary quantity of magma introduced in the TIs could not 

be constrained. SIS realisations processed comparatively quickly, requiring <15 minutes for 

a batch of 5. 

The most likely class was calculated for the nodes of the different sets of realisations, 

and uncertainty was quantified with entropy and phi. The dSMC and dJAC were calculated 

between the realisations in a set, with the results clustered using k-means clustering, and if 

appropriate, re-projected in MDS space. MDS dimensions and k clusters were determined 

from elbow tests on scree plots for Kruskal stress and k-means score respectively.  
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Chapter 3 

3Results 

This section shows the results obtained from the stochastic simulations generated in the 

project, including their validation and uncertainty assessment.  

3.1 “magma_lith” MPS  

3.1.1 Model A 

Figure 3.1 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model A TI and no target probability. Histograms of the global class proportions 

show that the realisations match the TI fairly well, although the non-magma class is 

generally slightly reduced and magmatic classes slightly increased. This is the opposite of 

what would be expected given dominance of non-magma in the HD. The indicator 

variograms for the TI are reassuringly centred among those of the realisations. The 

variograms for the basaltic chamber TI are identical in all dimensions, as would be expected 

for a single spherical body, however some of the realisations show reductions in 

semivariance at large separation distances in the Y and Z dimensions, suggesting the 

simulation of multiple chambers. Similarly, some realisations for the acidic bodies show a 

dip in semivariance at ~2km separation in the Z dimension, suggesting the simulation of 

acidic bodies above or below each other, which is not observed in the TI. A visual check of 

realisations suggests that the patterns contained in the TI are broadly reproduced in the 

realisations, although frequently more than one basaltic and acidic body are simulated, 

including the unexpected acidic bodies at depth. 

A zone of high probability for acidic magma extends from K-39 as an ESE-dipping zone, 

however no realisations connect K-39 to IDDP-1. This indicates that connection in the 

manner of model A’s TI is unlikely – perhaps suggesting a more laterally extensive acidic 

body, or several smaller disconnected ones. An unexpected zone of moderate acidic magma 

probability occurs directly below IDDP-1 and K-39 as a zone mimicking the TI bodies but 

translated ~2km down. This is most likely an artefact resulting from the lack of repetition in 

the TI, combined with a lack of HD within the search neighbourhood at the depths in 

question. Basaltic magma chambers rarely form around the Sturkell HD node, although this 

remains the most likely location for them. This is most likely due to larger scale relationships 

with the acidic bodies, which did not connect the two wells in the manner of the TI. 

Otherwise, magma chambers are most common at the base of the model.  
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a) Non-magma proportion b) Acidic proportions 

 
 

c) Basaltic chamber proportions d) Non-magma (1,0,0) 

  
e) Non-magma (0,1,0) f) Non-magma (0,0,1) 

  

g) Acidic magma (1,0,0) h) Acidic magma (0,1,0) 
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i) Acidic (0,0,1) j) Basaltic chamber (1,0,0) 

  

k) Basaltic chamber (0,1,0) l) Basaltic chamber (0,0,1) 

 

 

m) Most likely class (non-magma masked) n) Phi (highest 50%) 

  

o) Entropy (highest 50%) p) Example realisation (80) 

Figure 3.1 Model A DeeSse a-d) 10 class global proportion 

histograms, e-l) indicator variograms, m) most likely class, n) 

phi, o) entropy, & p) example realisation. 
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A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 13D and 

gave a “poor” Kruskal stress (Figure 3.2). As such, results were not visualised using MDS. 

An elbow test on the k-means clustering scores suggested a k value of 8 with a clear elbow – 

indicating good clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.2 Model A representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D and 

gave a “poor” fit (Figure 3.3). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed no clear elbow, and significant improvements 

in score for additional clusters - indicating poor clustering. 
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.3 Model A representative realisations using dJAC. 

 

3.1.2 Model B 

Figure 3.4 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model B TI and no target probability. The histograms of global class proportions 

illustrate that the realisations generally reflect the TI more closely than model A, with the 

basaltic chamber’s mean doing so almost exactly. The indicator variograms for the TI are 

centred reassuringly among those for the realisations. Reductions in semivariance for some 

realisations at large separation distances in the X and Y suggest multiple basaltic chambers 

being simulated laterally. Similar effects are seen for acidic magma in the Y and Z axes. 

Visually checking the realisations suggests that the patterns contained in the TI are broadly 

reproduced in the realisations, although frequently more than one basaltic and acidic body 

are simulated. 

The zones of high probability for acidic magma are similar to those of Model A, although 

the suspected artefacts at depth are absent - likely due to the greater depth of the Heimisson 

HD meaning that it would feature in the search neighbourhood of nodes near the base of the 

model. Basaltic magma chambers rarely form around the Heimisson HD node, although this 

remains the most likely probable location for them and a cause of increased entropy and phi. 

Since none of the realisations connect the two acidic magma intercepts, a single acidic body 

with the morphology proposed in the TI is unlikely, suggesting disconnected bodies or a 

more laterally extensive acidic body. 
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a) Non-magma proportions b) Acidic magma proportions 

 
 

c) Basaltic chamber proportions d) Non-magma (1,0,0) 

 
 

e) Non-magma (0,1,0) f) Non-magma (0,0,1) 

  

g) Acidic magma (1,0,0) h) Acidic magma (0,1,0) 



3.1 “MAGMA_LITH” MPS    

99 

  

i) Acidic magma (0,0,1) j) Basaltic chamber (1,0,0) 

  

k) Basaltic chamber (0,1,0) l) Basaltic chamber (0,0,1) 

 

 

m) Most likely class (non-magma masked) n) Phi (highest 50%) 

  

o) Entropy (highest 50%) p) Example realisation (96) 

Figure 3.4 Model B DeeSse a-c) 10 class global proportions 

histograms, d-l) indicator variograms, m) most likely class, n) 

phi, o) entropy, & p) example realisation. 
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A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 14D and 

gave a “poor” fit (Figure 3.5). As such, results are not visualised using MDS. An elbow test 

on the k-means clustering scores suggested a k value of 8 with a clear elbow – indicating 

good clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.5 Model B representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 13D and 

gave a “poor” fit (Figure 3.6). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed a poorly defined elbow with significant 

improvements in score for additional clusters – indicating that results are poorly clustered. 
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.6 Model B representative realisations using dJAC. 

 

3.1.3 Model C 

Figure 3.7 shows the summary of results for 100 DeeSse realisations for “magma_lith” using 

the model C TI and no target probability. Histograms of the global class proportions indicate 

that the realisations differ from the TIs, with increases in the non-magma class and decreases 

in the magmatic classes. This shift is consistent with the influence of the dominantly non-

magmatic HD. The histograms and indicator variograms for the TIs show quite significant 

variation between them. In comparison to the TIs, the realisation indicator variograms for 

non-magma have much higher initial semivariance and rise to higher sills, whereas those for 

basaltic magma show much lower initial semivariance and rise to lower sills. The increased 

homogeneity of non-magma is consistent with an increase in proportion. Intermediate and 

acidic magma realisation indicator variograms show much higher initial semivariance than 

the TIs but tend toward similar sills. These results suggest that the realisations do not 

reproduce the spatial variation of the TIs, which are themselves somewhat inconsistent. 

Some of this may be due to the dominantly non-magma HD, but probably also suboptimal 

MPS parameters, inappropriate TIs, or use of multiple TIs. A visual check confirms that 

while the realisations reproduce the cross-cutting sills and dykes for the basaltic magma, 

they are much smaller and less common than in the TIs. Intermediate and acidic magmas are 

even more attenuated, presumably due to even less repetition in the TIs. 

Highest entropy and phi are located laterally around and beneath the acidic well 

intersections, as are the only nodes not most likely to be non-magma. This zone extends 

further from K-39 than IDDP-1, due to constraint by non-magma in adjacent wells. 
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a) Non-magma proportions b) Basaltic magma proportions 

  
c) Intermediate magma proportions d) Acidic magma proportions 

  
e) Non-magma (1,0,0) f) Non-magma (0,1,0) 
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g) Non-magma (0,0,1) h) Basaltic magma (1,0,0) 

  

i) Basaltic magma (0,1,0) j) Basaltic magma (0,0,1) 

  

k) Intermediate magma (1,0,0) l) Intermediate magma (0,1,0) 
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m) Intermediate magma (0,0,1) n) Acidic magma (1,0,0) 

  

o) Acidic magma (0,1,0) p) Acidic magma (0,0,1) 

  

q) Most likely class (non-magma masked) r) Phi (highest 50%) 

 

 

s) Entropy (highest 50%) t) Example realisation (82) 

Figure 3.7 Model C DeeSse, a-d) 10 class global 

proportions histograms, e-p) indicator variograms, q) most 

likely class, r) phi, s) entropy, & t) example realisation. 
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A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 14D and 

gave a “poor” fit (Figure 3.8). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed significant improvements with additional 

clusters – indicating that results are very poorly clustered. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.8 Model C representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D but 

gave a “poor” fit (Figure 3.9). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed no elbow at all and indicates that results are 

not clustered. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.9 Model C representative realisations using dJAC. 
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3.1.4 Model D 

Figure 3.10 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model D TI and no target probability. The histograms of global class proportions 

indicate that the non-magma and basaltic chamber classes are generally much increased in 

the realisations compared to the TIs, while the other magmatic classes are greatly reduced – 

possibly due to the dominance of non-magma in the HD. The histograms and indicator 

variograms for the TIs themselves show significant variation. The indicator variograms for 

the realisations show that non-magma has somewhat reduced initial semivariance in 

comparison to the TIs - especially in the X and Y axes – but rise to similar sills at similar 

ranges. The increasing homogeneity of the non-magma is consistent with the increase in its 

proportion. The basaltic magma’s semivariance is both initially higher and rises to a higher 

sill in the realisations. Intermediate and acidic magma also show significantly higher initial 

semivariance but rise to similar sills, although one is not reached for the TI’s intermediate 

magma in the Z axis. The basaltic chamber class shows somewhat reduced initial 

semivariance in the realisations compared to the TIs, and generally has larger ranges. Some 

realisations show reduced semivariance at large separation distances in the X and Y axes, 

suggesting the simulation up multiple chambers laterally. 

Other than the HD well intersections, acidic magma is only the most probable class for 

a single node immediately south of K-39’s intersection. This is likely due to the multiple 

body morphologies present, preventing a clear preference. Basaltic chamber is the most 

likely class for a sphere centred around the Heimisson HD node. High entropy and phi reflect 

these zones in addition to areas along the South and West where basaltic chambers are 

sometimes simulated at depth – presumably due to HD from the Heimisson node and magma 

intersections being outside of the search neighbourhood at these locations. 

 

  
a) Non-magma proportions b) Basaltic magma proportions 
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c) Intermediate magma proportions d) Acidic magma proportions 

  
e) Basaltic chamber proportions f) Non-magma (1,0,0) 

  
g) Non-magma (0,1,0) h) Non-magma (0,0,1) 
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i) Basaltic magma (1,0,0) j) Basaltic magma (0,1,0) 

 
 

k) Basaltic magma (0,0,1) l) Intermediate magma (1,0,0) 

  

m) Intermediate magma (0,1,0) n) Intermediate magma (0,0,1) 
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o) Acidic magma (1,0,0) p) Acidic magma (0,1,0) 

  
q) Acidic magma (0,0,1) r) Basaltic chamber (1,0,0) 

  

s) Basaltic chamber (0,1,0) t) Basaltic chamber (0,0,1) 

  

u) Most likely class (non-magma masked) v) Phi (highest 50%) 
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w) Entropy (highest 50%) x) Example realisation (28) 

Figure 3.10 Model D DeeSse a-e) 10 class global 

proportions histograms, f-t) indicator variograms, u) most 

likely class, v) phi, w) entropy, & x) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 11D and 

gave a “fair” fit (Figure 3.11). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 13 with a fairly clear elbow – 

indicating moderate clustering.  

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.11 Model D representative realisations using dSMC. 
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A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 13D and 

gave a “poor/fair” fit (Figure 3.12). As such, results were not visualised using MDS. An 

elbow test on the k-means clustering scores suggested a k value of 13 with a fairly clear 

elbow but score continuing to improve significantly with subsequent clusters - indicating 

only limited clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.12 Model D representative realisations using dJAC. 

 

3.1.5 Model E 

Figure 3.13 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model E TI and no target probability. The histograms of global class proportions 

show significantly more non-magma class and less magma classes in the realisations than 

present in the TIs – possibly due to the dominance of non-magma in the HD. The histograms 

and indicator variograms for the TIs themselves show considerable variation. The indicator 

variograms for the realisations show drastically lower semivariance for the non-magma class 

than in the TI, and the opposite for the magma classes. This suggests that the non-magma in 
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the realisations is far more homogenous, probably at least partially due to the increase in its 

global proportion and reduction in the magmatic classes. A visual check of the realisations 

shows that while the sill morphology of the magma bodies is reproduced to some extent, 

they are far smaller and fewer than in the TIs.  

The inclusion of seismic data as non-magma HD limits the simulation of magmatic 

classes further. This is especially the case for the magma intersection in IDDP-1 which is 

flanked by several seismic events, and as a result rarely extends to adjacent nodes. A zone 

of high probability for acidic magma extends laterally from the intersection in K-39, 

reflecting the sill morphology of the bodies in the TI. The highest phi and entropy are found 

as a lateral halo around the acidic magma intersection in IDDP-1 and a much smaller zone 

adjacent to K-39. Elsewhere, non-magma is sufficiently dominant that phi and entropy are 

minimal. 

 

  

a) Non-magma global proportions b) Basaltic magma global proportions 

  
c) Intermediate magma global proportions d) Acidic magma global proportions 
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e) Non-magma (1,0,0) f) Non-magma (0,1,0) 

  

g) Non-magma (0,0,1) h) Basaltic magma (1,0,0) 

  

i) Basaltic magma (0,1,0) j) Basaltic magma (0,0,1) 
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k) Intermediate magma (1,0,0) l) Intermediate magma (0,1,0) 

  

m) Intermediate magma (0,0,1) n) Acidic magma (1,0,0) 

  

o) Intermediate magma (0,1,0) p) Intermediate magma (0,0,1) 

 
 

q) Most likely class (non-magma masked) r) Phi (highest 50%) 
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s) Entropy (highest 50%) t) Example realisation (66) 

Figure 3.13 Model E DeeSse a-d) 10 class global 

proportions histograms, e-p) indicator variograms, q) most 

likely class, r) phi, s) entropy, & t) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 13D and 

gave a “poor” fit (Figure 3.14). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 8 with a clear elbow – indicating 

good clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.14 Model E representative realisations using dSMC. 
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A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D and 

gave a “poor” fit (Figure 3.15). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed no elbow and indicates that results are not 

clustered. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.15 Model E representative realisations using dJAC. 

 

3.1.6 Model F 

Figure 3.16 shows the summary of results for 100 DeeSse realisations for “magma_lith” using 

the model F TI and no target probability. Histograms for the global class proportions show 

significantly more of the non-magma class and less of the magma classes in the realisations 

than present in the TIs – possibly due to the dominance of non-magma in the HD. As with 

the Model E realisations, indicator variograms show that the realisations have significantly 

lower initial semivariance and sill for non-magma and much higher initial semivariance for 

the non-chamber magma classes than the TIs. For the basaltic chamber class, TIs have 

identical semivariograms in all orientations due to the single spherical body, but the 

realisations mostly show higher initial semivariances. A visual check of realisations shows 

that while the chambers and sill-like magma bodies from the TI are broadly reproduced in the 

realisations, they are smaller and fewer in number. Acidic and intermediate bodies are 

especially poorly reproduced, possibly due to the use of multiple TIs and a lack of repetition. 

The nodes laterally adjacent to K-39 are the only non-HD locations that consistently 

show high probability of magma – reflecting the sill morphology of the bodies. As with 

model E, extension from the intersection in IDDP-1 is mostly prevented by adjacent non-

magma HD from the seismics. Magma chambers rarely form around the location of the 

Heimisson HD node, resulting not only from the presence of nearby non-magma HD from 

the seismics but also large-scale patterns combining with the low probability of simulating 

acidic magma higher in the study area - pushing magma chambers downwards. Chambers 

form more frequently in the lower corners of the study area, especially the SE – likely due 

to the location of K-39’s magma intersection at shallower depths in this quadrant. The 

highest entropy and phi is located laterally to K-39, with more moderate levels surrounding 

the Heimisson HD and zones of increased chamber probability in the SE. 
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a) Non-magma global proportions b) Basaltic magma global proportions 

  
c) Intermediate magma global proportions d) Acidic magma global proportions 

  

e) Basaltic chamber global proportions f) Non-magma (1,0,0) 
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g) Non-magma (0,1,0) h) Non-magma (0,0,1) 

 

 

i) Basaltic magma (1,0,0) j) Basaltic magma (0,1,0) 

 
 

k) Basaltic magma (0,0,1) l) Intermediate magma (1,0,0) 
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m) Intermediate magma (0,1,0) n) Intermediate magma (0,0,1) 

  

o) Acidic magma (1,0,0) p) Acidic magma (0,1,0) 

  

q) Acidic magma (0,0,1) r) Basaltic chamber (1,0,0) 
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s) Basaltic chamber (0,1,0) t) Basaltic chamber (0,0,1) 

 
 

u) Most likely class (non-magma masked) v) Phi (highest 50%) 

  

w) Entropy (highest 50%) x) Example realisation (84) 

Figure 3.16 Model F DeeSse a-e) 10 class global 

proportions histograms, f-t) indicator variograms, u) most 

likely class, v) phi, w) entropy, & x) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 11D and 

gave a “poor” fit (Figure 3.17). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 7 with a clear elbow – indicating 

good clustering.  
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.17 Model F representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D and 

gave a “poor” fit (Figure 3.18). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed no clear elbow and scores continuing to 

improve significantly with additional clusters – indicating that results show little clustering.  

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.18 Model F representative realisations using dJAC. 
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3.1.7 Model H 

Figure 3.19 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model H TI and no target probability. Histograms for the global class proportions 

show that the realisations generally reflect the TI very well, with the means for the non-

magma and basaltic chamber almost exactly matching those of the TI. Acidic magma is 

somewhat decreased in the realisations. A visual examination of realisations suggests that 

the patterns contained in the TI are reproduced well, although sometimes several acidic 

bodies are generated. 

The locations most likely to be basaltic magma form a WNW-ESE zone of upwelling 

like in the TI. An elliptical zone most likely to be acidic magma is located immediately 

beneath K-39 but does not extend to IDDP-1, suggesting a more laterally extensive acidic 

body, or several smaller bodies. 

 

 

  

a) Non-magma global proportions b) Acidic magma global proportions 

  
c) Basaltic chamber global proportions d) Non-magma (1,0,0) 
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e) Non-magma (0,1,0) f) Non-magma (0,0,1) 

  

g) Acidic magma (1,0,0) h) Acidic magma (0,1,0) 

  
i) Acidic magma (0,0,1) j) Basaltic chamber (1,0,0) 
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k) Basaltic chamber (0,1,0) l) Basaltic chamber (0,0,1) 

 

 
m) Most likely class (non-magma masked) n) Phi (highest 50%) 

 
 

o) Entropy (highest 50%) p) Example realisation (99) 

Figure 3.19 Model H DeeSse a-c) 10 class global 

proportions histograms, d-l) indicator variograms, m) most 

likely class, n) phi, o) entropy, & p) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 10D and 

gave a “fair” fit (Figure 3.20). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 14, with a reasonably clear elbow 

– indicating moderate clustering.  
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.20 Model H representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 11D and 

gave a “fair” fit (Figure 3.21). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 15 with a fairly clear elbow – 

indicating moderate clustering.  

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 
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c) Representative realisation cluster sample count and standard deviation  

Figure 3.21 Model H representative realisations using dJAC. 

 

3.1.8 Model I 

Figure 3.22 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model I TI and no target probability. Histograms for the global class proportions 

show that the realisations contain significantly increased quantities of the non-magma class 

and reduced quantities of the magmatic classes in comparison to the TIs – possibly due to 

the dominance of non-magma in the HD. The TIs themselves show significant variation. 

Indicator variograms show that the low lag semivariances of the realisations for the non-

magma class are far lower than for the TIs and rise to much a greatly reduced sill, whilst the 

magmatic classes show much higher low lag semivariances and quickly reach the sill. This 

reflects a visual observation that magma bodies in the realisations are greatly reduced in 

number and size. 

Zones likely to be acidic magma extend from the well intersections, in the plane of the 

dykes. These give rise to the highest areas of phi and entropy, where acidic magma competes 

with the otherwise dominant non-magma class. 

 

  

a) Basaltic magma global proportions b) Intermediate magma global proportions 
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c) Acidic magma global proportions d) Basaltic magma global proportions 

  

e) Non-magma (1,0,0) f) Non-magma (0,1,0) 

  

g) Non-magma (0,0,1) h) Basaltic magma (1,0,0) 
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i) Basaltic magma (0,1,0) j) Basaltic magma (0,0,1) 

  

k) Intermediate magma (1,0,0) l) Intermediate magma (0,1,0) 

  

m) Intermediate magma (0,0,1) n) Acidic magma (1,0,0) 

  

o) Acidic magma (0,1,0) p) Acidic magma (0,0,1) 

  

q) Most likely class (non-magma masked) r) Phi (highest 50%) 
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s) Entropy (highest 50%) t) Example realisation (21) 

Figure 3.22 Model I DeeSse a-d) 10 class global 

proportions histograms, e-p) indicator variograms, q) most 

likely class, r) phi, s) entropy, & t) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 14D and 

gave a “poor” fit (Figure 3.23). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 9 however score continues to 

improve significantly with additional clusters – indicating only limited clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.23 Model I representative realisations using dSMC. 
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A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D and 

gave a “poor” fit (Figure 3.24). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores shows no elbow – indicating a lack of clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.24 Model I representative realisations using dJAC. 

3.1.9 Model J 

Figure 3.25 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the model J TI and no target probability. Histograms for the global class proportions 

show that whilst the realisation’s mean for non-magma matches that of the TIs very closely, 

the proportion of the basaltic magma chamber class is significantly increased while the 

remaining magma classes are significantly reduced – possibly due to the dominance of non-

magma in the HD. The TIs themselves show significant variation and would not have 

provided consistent statistics. Indicator variograms show that the realisations are reasonably 

consistent with the TIs for the non-magma class but show significantly higher initial 

semivariance and shorter ranges for the magmatic classes. The exception for this is in the X-

axis, for which the TIs reach the sill extremely rapidly. Realisations have generally lower 

initial semivariance for the basaltic chamber class than the TIs, with at least some showing 

a decrease in semivariance at large separation distances suggesting multiple chambers. 

As with model I, high probability for acidic magma is constrained to nodes adjacent to 

the two well magma intersections in the plane of the dykes. High probability for the basaltic 

chamber class surrounds the Heimisson HD node. High entropy and phi reflect these zones, 

where magmatic classes contend with the dominant non-magma class. Entropy also shows 

moderate values along the South and West at depth, where basaltic chambers are sometimes 

simulated. 
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a) Non-magma global proportions b) Basaltic magma global proportions 

  
c) Intermediate magma global proportions d) Acidic magma global proportions 

  
e) Basaltic chamber global proportions f) Non-magma (1,0,0) 
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g) Non-magma (0,1,0) h) Non-magma (0,0,1) 

  

i) Basaltic magma (1,0,0) j) Basaltic magma (0,1,0) 

  
k) Intermediate Basaltic (0,0,1) l) Intermediate magma (1,0,0) 
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m) Intermediate magma (0,1,0) n) Intermediate magma (0,0,1) 

  

o) Acidic magma (1,0,0) p) Acidic magma (0,1,0) 

  

q) Acidic magma (0,0,1) r) Basaltic chamber (1,0,0) 
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s) Basaltic chamber (0,1,0) t) Basaltic chamber (0,0,1) 

  

u) Most likely class (non-magma masked) v) Phi (highest 50%) 

  
w) Entropy (highest 50%) x) Example realisation (45) 

Figure 3.25 Model J DeeSse a-e) 10 class global 

proportions histograms, f-t) indicator variograms, u) most 

likely class, v) phi, w) entropy, & x) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 10D and 

gave a “fair” fit (Figure 3.26). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 14 with a fairly clear elbow – 

indicating moderate clustering. 
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.26 Model J representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 10D and 

gave a “fair” fit (Figure 3.27). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 13 with a fairly clear elbow 

although score continues to increase significantly for additional clusters – indicating limited 

clustering. 
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a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.27 Model J representative realisations using dJAC. 

 

3.1.10 Model K 

Figure 3.28 shows the summary of results for 100 DeeSse realisations for “magma_lith” 

using the Model K TI and no target probability. The histograms of global class proportions 

indicate that realisations contain significantly more non-magma than the TI, with much less 

of the magmatic classes – possibly due to the dominance of non-magma in the HD. Indicator 

variograms for non-magma show drastically reduced semivariance in the realisations 

compared to the TI - consistent with greatly increased proportions. All magmatic indicator 

variograms show significantly increased semivariance in comparison to the TI. Visually 

checking the realisations also suggested that they reproduce patterns from the TI very poorly. 

While some of the increase in non-magma may be due to the dominance of non-magma in 

the HD, lack of repetition in the TI and poorly chosen MPS parameters are probably also 

responsible. 

Although the realisations are considered very poor, they do show some consistent 

patterns such as high likelihood for acidic magma laterally to the well HD; with high entropy 

and phi reflecting these zones. 
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a) Non-magma global proportions b) Basaltic magma global proportions 

  
c) Acidic magma global proportions d) Non-magma (1,0,0) 

  

e) Non-magma (0,1,0) f) Non-magma (0,0,1) 
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g) Basaltic magma (1,0,0) h) Basaltic magma (0,0,1) 

  

i) Basaltic magma (0,0,1) j) Acidic magma (1,0,0) 

  

k) Acidic magma (1,0,0) l) Acidic magma (1,0,0) 

 

 
m) Most likely class (non-magma masked) n) Phi (highest 50%) 
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o) Entropy (highest 50%) p) Example realisation (32) 

Figure 3.28 Model K DeeSse a-c) 10 class global 

proportions histograms, d-l) indicator variograms, m) most 

likely class, n) phi, o) entropy, & p) example realisation. 

 

A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 13D and 

gave a “poor” fit (Figure 3.29). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores suggested a k value of 7 with a clear elbow – indicating 

good clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

 
c) Representative realisation cluster sample count and standard deviation  

Figure 3.29 Model K representative realisations using dSMC. 



  CHAPTER 3: RESULTS 

140 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix suggested 14D and 

gave a “poor” fit (Figure 3.30). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed no elbow – indicating a lack of clustering.  

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.30 Model K representative realisations using dJAC. 
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3.2  “lith” SIS 

Figure 3.31 shows the summary of results for 100 SIS realisations for “lith”. Histograms 

of the global class proportions demonstrate that realisations generally contain lower 

proportions of the non-intrusive class than the well HD, with a corresponding over-

representation of intrusive classes. This is likely due to the shallow sampling bias of wells, 

with such areas far more likely to be non-intrusive. Despite the first two orientations showing 

a slightly more rapid rise in variance than the model, and a deterioration at high separation 

distances in the intermediate orientation, the results are otherwise reassuring - especially for 

the vertical orientation which performed very well despite its trend. 

Zones of highest entropy occur at depth in the SE where the otherwise rare intermediate 

intrusion class occurs frequently. High phi also occurs in this region, and at the interface 

between dominantly non-intrusive and intrusive lithologies. The lowest entropy and phi 

occur near to HD and at shallow depths where lithology is dominantly non-intrusive. The 

interface between dominantly intrusive and non-intrusive lithologies appears to dip WNW, 

with a bowl-like shape that may be an artefact of the spherical search neighbourhood, 

anisotropic variogram model, and location of well data. Alternatively, it could result from 

structural features such as fault offset or tilting not accounted for in the SIS. Potentially, it 

could suggest that the magma chamber is located in this direction, with intrusions radiating 

from the source – consistent with both the proposed “Sturkell” and “Heimisson” locations. 

 

  
a) Non-intrusive proportions b) Basaltic intrusion probability 

  

c) Intermediate intrusion proportions d) Acidic intrusion proportions 
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e) (1,1,0) realisation variogram swarm f) (1,-1,0) realisation variogram swarm 

 
 

g) (0,0,1) realisation variogram swarm h) Most likely class (non-intrusive masked) 

 

 
i) Phi (highest 50%) j) Entropy (highest 50%) 

 

 

k) Example realisation (0)  

Figure 3.31 “lith” SIS a-d) 10 class global proportions 

histograms, e-g) indicator variograms, h) most likely class, i) 

phi, j) entropy, & k) example realisation. 
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A Kruskal stress elbow test for MDS re-projection of the dSMC matrix suggested 14D 

with a “poor” fit (Figure 3.32). As such, results were not visualised using MDS. An elbow 

test on the k-means clustering scores showed that score continues to improve significantly 

for additional clusters – indicating poor clustering. 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.32 SIS representative realisations using dSMC. 

 

A Kruskal stress elbow test for MDS re-projection of the dJAC matrix also suggested 14D 

and gave a “poor” fit (Figure 3.33). As such, results were not visualised using MDS. An 

elbow test on the k-means clustering scores showed that score continues to improve 

significantly for additional clusters - indicating poor clustering. 

 

 

  
a) Elbow test for MDS dimensions b) Elbow test for k clusters 

Figure 3.33 SIS representative realisations using dJAC. 
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3.3 Summary 

Considering the histograms of global class proportions for the “magma_lith” MPS 

realisations, models A, B & especially H match their TI proportions reasonably well. The 

remaining model realisations show significantly higher proportions of the non-magmatic 

class and lower proportions of the non-chamber magmatic classes than are in their TIs. 

Models D and J both show increases in the proportion of the basaltic chamber class in their 

realisations, while F shows a decrease – probably due to the additional constraint of the 

seismic HD. Notable variation was observed between TIs generated for the same model 

using the stochastic implicit technique. The increased proportions of non-magma in 

realisations is likely the result of the HD containing almost exclusively the non-magma class. 

Similarly, basaltic and intermediate magma samples do not appear at all in the conditioning 

data and are likely to reduce their abundance in the realisations. The HD’s responsibility 

could be tested by generating a set of non-conditioned realisations and determining if they 

lack these shifts. If they show similar shifts, they most likely resulted from shortcomings in 

the MPS parameters or lack of repetition in the TIs. This limits the usefulness of global 

proportions as a validation technique.  

Other than for models A, B & H – which generally reflected their TIs, indicator 

variograms showed decreased initial semivariance for the non-magma class and increased 

initial semivariance for the non-chamber magmatic classes. The basaltic chamber class in 

models D and J showed decreased semivariance, while model F showed an increase probably 

resulting from the constraint of the seismic HD. 

Visual checks confirmed that models A, B & H appeared to reproduce the patterns of 

from their TIs successfully, although sometimes simulating additional basaltic and acidic 

bodies. Model A in particular shows unexpected acidic bodies at depth which are most likely 

an artefact from lack of conditioning nodes in the search neighbourhood. Models C, D, E, 

F, I & J reproduced the general morphologies reasonably well but the bodies were much 

reduced in size and number. Model K reproduced the patterns from the TI very poorly. 

Smaller and less abundant features such as dykes and sills are more likely to be attenuated 

when simulated, since the non-magma and basaltic chamber codes often dominate data 

events – meaning that the best match in a TI will often be obtained by allowing a mismatch 

of the smaller feature. The generally smaller size of dykes and sills in the simulation results 

is probably due to this affect and shows a failure to recreate these structures entirely.  

All models except C and I showed at least moderate dSMC clustering, whereas only model 

H and to a lesser extent D and J showed reasonable dJAC clustering. Models incorporating 

magma chambers generally resulted in more clustered results, due to their large volumes and 

localised occurrences. None of the models could be projected satisfactorily in 2D or 3D 

MDS and this form of visualisation was not employed.  

None of the models show any locations where basaltic or intermediate magma is the 

most likely class. The acidic magma HD locations in wells K-39 and IDDP-1 are usually 

accompanied by several surrounding nodes where acidic magma is the most likely class. For 

models with sill-like acidic bodies such as model E, F & K, these nodes are mostly located 

laterally, whereas models I & J which feature dykes, result in these nodes below and to the 

North/South. Models C & D which feature a combination of acidic dykes and sills, show a 

more general cluster of nodes around the conditioning locations. Models A & B show these 

nodes forming ESE-dipping zones but do not connect the two wells like in the TI. In all 

cases, the region of high probability for acidic magma is larger around K-39 than for IDDP-

1, likely due to more proximal non-magma HD in the latter – especially when using seismic 

HD in model E and F. Model D and J’s realisations often show large basaltic chambers 
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centred about the Heimisson source, while models B & F show much smaller zones, with 

model A’s smaller still. This is likely due to constraint by the seismic HD in model F, and 

the closer proximity of the basaltic chamber in model A’s TI to non-magma conditioning 

than in Model B. 

Due to the dominance of non-magma in all models, zones of increased entropy and phi 

are generated wherever even a limited number of realisations result in a different class. These 

are typically located adjacent to the HD from the acidic magma wells or the Heimisson 

basaltic chamber node. 

Whilst it may be possible to generate superior results by refining the DeeSse parameters, 

they often require a compromise between quality of results and processing time. The 

generally slow processing of simulations means that refining parameters is itself a very slow, 

iterative process.  

 

The “lith” SIS global class proportion histograms for the realisations show that they 

contain more of the non-intrusive class and less of the intrusive classes than the well HD. 

This is very likely due to the well’s preferential sampling of the shallow, dominantly non-

intrusive region. The indicator variograms for the realisations match fairly well with the 

model, although reaching higher initial sills, and worsening at separation distances >2km in 

the orientations of greatest and intermediate continuity. The orientation of least continuity 

performs very well despite its trend. 

High phi and entropy are found in the SE corner reflecting a zone of relatively high 

intermediate magma probability. Elevated phi also follows the interface between dominantly 

non-intrusive lithologies above and dominantly intrusive lithologies below – with a NW 

dipping, bowl-like shape. This may reflect SIS parameters such as the search neighbourhood 

and variogram model or may reflect structural features such as faulting or tilting. The bowl-

like shape is consistent with the locations of the Heimisson and Sturkell sources to the NW 

and could also reflect intrusive bodies radiating from a chamber towards the caldera rim in 

the manner of cone sheets. 

The “lith” SIS realisations showed little clustering of the dSMC or dJAC, probably 

worsened by the lack of any post-processing such as Soares’ correction. 
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Chapter 4 

4Discussion 

Following from the results presented and discussed in the last chapter, this chapter will 

summarise the key findings and limitations of the project, as well as identifying 

opportunities for future improvements. 

4.1 Geological discussion 

During the conceptual modelling sessions, it was generally agreed that the magma bodies 

are probably focused within a broad zone trending WNW-ESE, mimicking the S-wave 

shadow and gravity low. The treatment of the western lobe of the S-wave shadow varies 

however, with Sigmundsson discarding the signal, and others extrapolating from the more 

thoroughly explored eastern lobe. It is possible that the S-wave shadow in this area does 

indeed represent magma at relatively shallow depths, however the lack of surface geothermal 

manifestations suggests that a functioning geothermal reservoir is not present, potentially 

due to low permeability. Eichelberger proposed that both lobes of the S-wave shadow reflect 

the outline of upwelling basaltic magma, but that an overlying acidic body is only present in 

the East. Árnason thought that the gap between the two lobes of the S-wave shadow may 

represent a zone beneath the rift in which magma had been evacuated from underlying 

bodies during eruption. He also suggested that the S-wave shadow was not sufficiently 

defined to reflect a distinct magma chamber, but instead a zone of cross-cutting dykes and 

sills 

Árnason considered the gravity low in the centre of the caldera to have steep gradients 

that suggest an inner caldera filled with hyaloclastite, rather than revealing deeper magmatic 

structures. From the gravity, Árnason also interpreted a potential graben from the WNW-

ESE trending structure – visible in several of the geophysics datasets and aligning with the 

S-wave shadow. Both he and Guðmundsson used this structure as a southern limit to magma 

bodies. The exact nature of the anomaly is unclear but may be associated with the DAL of 

the TFZ, which trends approximately towards Krafla from the NW. Potentially, the 

intersection of such a structure with the rifting axis may have contributed to the development 

of a central volcano. Friðleifsson suggested the gravity contrast was likely due to magma 

induced uplift but did not use it as a constraint. Guðmundsson considered the gravity 

anomaly inadequately defined to show a magma chamber – instead suggesting a swarm of 

sills. Guðmundsson and Friðleifsson considered the seismic events sufficiently reliable to 

use as HD indicating non-magma, while the other experts were content to ignore this data, 

either due to the inaccuracy of their depths or potential association with the propagation of 

magmatic intrusions. 
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The use of resistivity as a constraint was frequently dismissed by the experts due to the 

influence of numerous other physical parameters. It was generally agreed that VP and VP/VS 

may provide a means of constraining the magma bodies given further investigation, but that 

these signals are also influenced by other parameters.  

Sigmundsson, Friðleifsson and Guðmundsson all suggested discrete magma chambers – 

the latter two having very consistent views.  Eichelberger suggested a large basaltic source 

but as a region of upwelling rather than a discrete chamber. The relatively large acidic bodies 

suggested by Sigmundsson and Eichelberger would likely require a large basaltic source to 

cause partial melting of the surrounding basaltic crust. Based on its conflict with seismic 

events, proximity to K-35, and geophysics values, the Sturkell location for the chamber is 

considered less likely than the Heimisson location. 

4.2 Limitations of the conceptual modelling 

In most cases, the experts relied heavily on the types of data they were most familiar 

with and were sometimes reluctant to expound given the limited time available to consider 

the data. The 1-2hour sessions proved to be a short time to present the available data and 

record suggestions.  

Many significant assumptions and simplifications were made when generating the 

representative models, especially those making use of stochastic-implicit magma bodies, as 

these relied upon analysis of the well data. Firstly, the solidified intrusions encountered 

during drilling were assumed to be representative of currently magmatic bodies situated in 

unsampled areas. This is questionable as it is very likely that spatial and temporal variations 

exist – indeed some are implemented in the conceptual models – however this was 

considered the best available basis for modelling lithology proportions and intrusion 

thicknesses. Spatial sampling bias also exists in the drilling, with shallow regions and 

prospective geothermal areas sampled more frequently. In addition, insufficient drilling 

exists to reliably correlate bodies between wells, meaning that apparent thicknesses could 

not be converted into true thicknesses. This was further complicated by the inability to 

differentiate between adjacent intrusions of the same composition, meaning that individual 

intrusions may be much smaller than suggested by the well data. The generally vertical 

nature of the wells mean that steeply inclined and vertical structures are far more sensitive 

to this bias and will also be less sampled in general. The measurement uncertainty associated 

with the geological data is not accounted for although this may be significant, especially for 

the downhole positioning of well data given that many of the wells are lacking survey data. 

The quantity of magma in the project area is unknown and it was originally hoped that 

the magma predictive model would allow this to be constrained later in the MPS. As such, 

the number of magma body “seeds” was essentially arbitrary, with 1,000 found to provide a 

reasonable mixture of the bodies in isolation and cross-cutting. Many of the smallest bodies 

were lost when converted to block models. The “Heimisson” and “Sturkell” type shallow 

basaltic chambers were assumed to be spherical with a radius of 1km as suggested by 

Sigmundsson in his session. In subsequent models D, F, G & J, stochastic-implicit acidic 

and intermediate bodies were given a Gaussian spatial distribution with σ = 500m centred at 

the top of their Heimisson chambers. This was based only on what seemed a reasonable 

geometry given that these bodies are supposedly derived from partial melting of the 

surrounding basalt and would largely propagate upwards due to the lower confining 

pressure. For the sills and dykes modelled in Leapfrog, the bodies were assumed to follow 

global planar trends, with anisotropy in the Z axis for sills and in all axes for dykes. Again, 
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these trends were based only on what seemed reasonable geometries, since little data is 

available to inform the extents of such bodies.  

The Geitafell data shows much thinner intrusive bodies than suggested by analysis of the 

wells at Krafla; which may be thicker due to the use of apparent rather than true thickness 

and the amalgamation of adjacent intrusions of similar lithology – or could suggest that 

Geitafell is not a good analogue. If the intrusions at Geitafell are indeed representative, the 

<11m thick intrusions would be impractical to model discretely in such simulations.  

4.3 Limitations of the magma predictive model 

Creating a predictive magma probability model from the geophysics data proved very 

challenging, due to the unbalanced magma and non-magma samples in the well data, as well 

as the need to extrapolate for estimation locations well outside of the training data. Splitting 

the available data into training and test sets was unfeasible due to the severe lack of magma 

samples - greatly hampering the ability to evaluate the model’s performance.  

The magma samples were supplemented with 4 locations beneath wells thought to have 

“near-magma” conditions, as well as the Heimisson centre of inflation. Adding the seismic 

event data to the non-magma sample group was also considered, but only worsened the 

imbalance and conflicted with the magma sample from IDDP-1. The use of the seismic 

events as non-magma samples would have been debatable in any case, since such events 

may be associated with the propagation of smaller intrusions and are spatially inaccurate. 

This was reflected in the consultation sessions when Guðmundsson and Friðleifsson 

suggested using the events but all others discarded the data. The well samples themselves 

are 50m composites and are another source of loss of resolution, for example, the acidic 

magma samples are assigned an entire sample despite only being a few metres. 

In addition to the limitations of the data, the geophysics models are resolved on only a 

coarse scale and are influenced by numerous parameters. Ordinary kriging was used to 

interpolate the VP and VP/VS datasets, despite a clear vertical trend in the VP. This was not 

considered a problem due to the availability of numerous samples on all sides of the 

estimation locations, and good performance was confirmed by cross-validation. Inverse 

distance weighting was similarly used for MT resistivity, but the estimate was again verified 

by cross-validation. Although successfully interpolated onto a finer grid, the resolution of 

the source models cannot be improved. 

Various re-sampling approaches and machine learning algorithms resulted in very 

different models, all of which were poorly constrained by the available data. No attempts 

were made to fine-tune the algorithm parameters. NN models provided a good fit to the data 

when the minority samples are up-sampled to 90% of the majority sample count. By using 

such significant up-sampling, the model was forced to correctly classify more of its 

informing magma samples, however this was at the expense of incorrectly classifying nearby 

non-magma samples. As a result, the model almost certainly significantly overestimates the 

probability of magma. The strong WNW-ESE trends seen in the NN model are a reflection 

of the same patterns seen in the geophysics datasets themselves. Interestingly, the southern 

portion of the model has a very high probability of magma despite being identified in the 

conceptual modelling by Árnason and Guðmundsson as an area unlikely to contain any. 

The relationships shown by the model are highly simplified and probably misleading in 

some cases, for example, a generally positive relationship between magma probability and 

VP values, despite magma normally being associated with attenuated VP. This is likely the 

result of increasing VP values with depth and the greater likelihood of magma at greater 
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depths. A positive relationship is also shown between magma probability and MT resistivity, 

which is the opposite of what was expected. 
The available data simply wasn’t adequate to create a robust model, although several 

targets were identified where drilling would significantly improve the extrapolated regions 

(Figure 2.11). Modelling efforts were eventually made redundant by the excessive 

processing times resulting from using an auxiliary variable for local target probability in the 

DeeSse simulations, preventing its use regardless. 

4.4 Limitations of the stochastic modelling 

As well as all the limitations associated with the conceptual modelling that led to the TIs, 

the MPS was limited by many additional factors. TIs were assumed to be stationary and 

contain adequate repetition of patterns, although this is dubious for those with larger scale 

patterns as they may only occur once, e.g. magma chambers. Similarly, subsequent global 

proportion histograms and indicator variograms reveal significant variation between TIs 

designed for use in the same model, especially for the less abundant acidic and intermediate 

bodies. This is due to the TIs not adequately sampling the governing CDFs for thickness and 

lithology type. For the TIs without magma chambers, this could have been avoided by 

simply using a larger TI and drawing a greater number of magma “seeds”, although this 

would have worsened processing times.  

The “magma_lith” HD consisted entirely of non-magma samples except for the two 

acidic magma intercepts, and for models A, B, D, F, H & J a single basaltic chamber location. 

This was even more imbalanced for Model E & F, which incorporated the seismic events as 

non-magma samples. Although this may have led to the reduced global proportions of 

magma classes observed in the realisations, this cannot be verified without generating a set 

of unconditioned realisations and verifying that no shift occurs. If a shift were to occur, it 

would instead suggest that the shift is due to shortcomings in the MPS parameters or TIs 

used. Unfortunately, there was insufficient time to generate such results. If the HD was 

thought to be representative of the model volume, the class proportions could have been set 

as global targets in the MPS simulations. Although the “lith” HD is more representative of 

its smaller model volume, a preferential sampling bias of shallow non-intrusive areas is still 

present. Global target proportions used for the “lith” MPS simulations are therefore likely 

to have resulted in an overestimation of the non-intrusive class but were necessary to alter 

the proportions from the model E TI. Had it been performed, this would also have affected 

post-processing of the SIS methods with Soares’ correction, which matches target 

proportions. 

During post-processing of the MPS results, isolated nodes were converted to the most 

dominant adjacent class. Whilst this removed the many isolated nodes caused by imperfect 

data event matches in MPS, this also removed any single nodes correctly sampled from the 

TI that were originally coded by small stochastic-implicit bodies. This is considered 

relatively insignificant given the small size of such bodies. 
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4.1 Conclusion 

The project initially aimed to use the available VP, VP/VS and MT resistivity datasets as 

soft constraints for MPS simulation of Krafla’s magma bodies, based on TIs derived from 

conceptual models generated from expert elicitation. As soft constraints must be supplied to 

the DeeSse algorithm as a local target probability for the simulated variable at every node in 

the simulation grid, this led to construction of such a model through supervised machine 

learning. The severe lack of magma samples meant that results were extremely low 

confidence and showed unexpected relationships with the explanatory variables, and almost 

certainly overestimated magma probability. Furthermore, attempts to use soft constraints in 

the DeeSse algorithm resulted in excessive processing times of several days per realisation. 

As such, the realisations generated do not take the available geophysics datasets into 

account, and the quantity of magma remains arbitrary. Targets were identified where drilling 

would add most value to the extrapolated regions of the magma predictive model (Figure 

2.11), although wells are far too expensive to be used solely for such purposes. Machine 

learning may not be the best approach for delineating magma at Krafla using the geophysics 

and potentially an approach incorporating geophysical laws could be tried, although 

separating the numerous physical parameters may be impossible. Additional constraint 

could be provided by incorporating a temperature model, although this would be heavily 

extrapolated at depth. 

An additional setback was the unsatisfactory results when attempting to simulate model 

G’s cone sheets using auxiliary target variables for their non-stationary dip and azimuth. 

Many of the TIs were not ideally suited to MPS, due to their lack of pattern repetition and 

non-stationary patterns. The multiple TIs generated using magma “seeds” drawn from CDFs 

for intrusion thickness and lithology showed significant variation – especially for the less 

abundant intermediate and acidic magma.  

The MPS results did reproduce patterns well for some models such as B & H, although 

model K based on Ben Kennedy and Jonathan Davidson’s independent work worked 

particularly badly as a TI. This highlights that using deterministic models as TIs is 

challenging and potentially less successful than using much simpler shapes. Magma was 

generally constrained to nodes immediately adjacent to well magma intersections and 

magma chamber HD locations when supplied. Elevated phi and entropy reflected wherever 

magma classes contend with the dominant non-magma class. Models A, B and H did not 

connect the two acidic intersections, suggesting more laterally extensive or disconnected 

bodies. Acidic bodies extending from IDDP-1 were generally much smaller than from K-

39, due to the adjacent non-magma in K-10 & K-25. When seismic events were treated as 

HD, magma was even more constrained. All models except A show reductions in the size 

and number of non-chamber magma bodies in their realisations. This may be due to the 

dominantly non-magma HD, inadequate TIs, or poor MPS parameters – although cannot be 

determined without sets of unconditioned realisations. A lack of conditioning data at depth 

means that there is little to constrain the realisations other than the largest scale patterns in 

the TI. 

A model of intrusion intensity derived from the well data could act as a local target 

probability for MPS “lith” simulations, although any such model would itself have 

significant uncertainty associated with it due to the required interpolation and extrapolation. 

The SIS results have much more informative conditioning data and indicate highest 

uncertainty in the SE corner as well as at the interface between dominantly non-intrusive 

and intrusive lithologies. The technique’s short processing times but inability to reproduce 

complex geological patterns were also demonstrated.   
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The project demonstrates the huge potential of MPS for simulating complex geological 

patterns, but also the difficulty in providing suitable TIs. MPS may have greater immediate 

value at Krafla for modelling reservoir lithologies due to the greater availability of 

conditioning data and the ability co-simulate continuous properties such as permeability and 

porosity. By constraining simulations to the immediate reservoir or coarsening the 

discretisation grid, processing times could be reduced. By using TIs with greater pattern 

repetition, a smaller scan fraction would be acceptable and processing times could be 

reduced further. It is recommended that in future work, adequate time is allocated to generate 

sets of unconditioned realisations to assist with validation. The lack of expert consensus 

regarding the morphology and location of magma bodies at Krafla highlights the subjectivity 

of interpreting geophysical data and the large uncertainties which persist. 
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5Appendices 

Appendix A AR2GEMS parameters 

Table 5.1 Inverse distance weighting parameters for dip, 

cosine(azimuth), & sine(azimuth) interpolation. 

Power 4   

Neighbourhood parameters 

Min samples 3 Max samples 12 

 Max Med Min 

Range 8000 4000 4000 

 Azimuth Dip Rake 

Angles 0 90 0 

 

Table 5.2 VP experimental variogram parameters. 

Number lags 20    

Lag separation 500    

Tolerance 250    

Variogram Azimuth Dip Tolerance  Bandwidth 

Greatest continuity 130 0 45 999999 

Intermediate continuity 40 0 45 999999 

Least continuity 130 90 45 999999 

 

Table 5.3 VP/VS experimental variogram parameters. 

Number lags 20    

Lag separation 500    

Tolerance 250    

Variogram Azimuth Dip Tolerance  Bandwidth 

Greatest continuity 150 90 45 999999 

Intermediate continuity 150 0 45 999999 

Least continuity 60 0 45 999999 
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Table 5.4 Ordinary kriging parameters for VP interpolation. 

Neighbourhood parameters 

Min samples 3 Max samples 8 

 Max Med Min 

Range 2000 2000 1000 

 Azimuth Dip Rake 

Angles 0 0 0 

Variogram parameters 

Structure Gaussian Sill 2 

 Max Med Min 

Range 11500 11000 10000 

 Azimuth Dip Rake 

Angles 130 0 0 

Structure Gaussian Sill 15 

 Max Med Min 

Range 999999 999999 17000 

 Azimuth Dip Rake 

Angles 130 0 0 

 

Table 5.5 Ordinary kriging parameters for VP/VS 

interpolation. 

Neighbourhood parameters 

Min samples 3 Max samples 8 

 Max Med Min 

Range 2000 2000 1000 

 Azimuth Dip Rake 

Angles 0 0 0 

Variogram parameters 

Structure Spherical Sill 0.00013 

 Max Med Min 

Range 4500 4500 2000 

 Azimuth Dip Rake 

Angles 150 0 0 

Structure Spherical Sill 0.00005 

 Max Med Min 

Range 999999 12000 9000 

 Azimuth Dip Rake 

Angles 60 90 0 
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Table 5.6 Inverse distance weighting parameters for MT 

resistivity interpolation. 

Power 1   

Neighbourhood parameters 

Min samples 10 Max samples 20 

 Max Med Min 

Range 500 500 500 

 Azimuth Dip Rake 

Angles 0 0 0 

 

Table 5.7 “Host” lithology indicator variogram parameters. 

Number lags 50    

Lag separation 50    

Tolerance 25    

Variogram Azimuth Dip Tolerance  Bandwidth 

Greatest 50 10 45 999999 

Intermediate 130 0 45 999999 

Least 50 100 45 999999 

 

Table 5.8 SIS parameters for lithology . 

Neighbourhood parameters 

Min samples 5 Max samples 30 

 Max Med Min 

Range 2500 2500 2500 

 Azimuth Dip Rake 

Angles 0 0 0 

Variogram parameters 

Structure Exponential Sill 0.14 

 Max Med Min 

Range 350 240 120 

 Azimuth Dip Rake 

Angles 50 100 90 

Structure Gaussian Sill 0.15 

 Max Med Min 

Range 7000 4300 2300 

 Azimuth Dip Rake 

Angles 50 10 0 
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Table 5.9 “Host” lithology indicator vector variogram 

parameters for SIS validation. 

Variogram X Y Z  Head Tail Number lags 

Greatest 1 1 0 0.5 0.5 35 

Intermediate 1 -1 0 0.5 0.5 35 

Least 0 0 1 0.5 0.5 50 

 

 

Table 5.10 DeeSse parameters. 

 “magma_lith”  “lith”  

Model A-F, H-K G E E 

Parameter     

rotation 0 1 0 0 

azi_prop N/A 'heimisson_azi_I

D' 

N/A N/A 

dip_prop N/A 'heimisson_dip_

ID' 

N/A N/A 

scaling N/A N/A N/A N/A 

x N/A N/A N/A N/A 

y N/A N/A N/A N/A 

z N/A N/A N/A N/A 

threads 5 5 -1 -1 

grid ‘sims’ ‘sims’ ‘sims’ ‘sims’ 

postprocess 1 1 1 1 

TI_grid ‘TI’ ‘TI’ ‘TI’ ‘TI’ 

scan_fraction 1 1 0.5 1 

reuse 1 1 1 1 

rx 50 50 50 50 

ry 50 50 50 50 

rz 50 50 50 50 

ax 1 1 1 1 

ay 1 1 1 1 

az 1 1 1 1 

azi 0 0 0 0 

dip 0 0 0 0 

plunge 0 0 0 0 

max_nodes 50 50 25 50 

threshold 0.04 0.04 0.04 0.04 

HD 1 1 1 1 

HD_name ‘HD_’ + model ‘HD_’ + model ‘HD_’ + model ‘wells_lith_on_si

ms_grid’ 

HD_prop ‘magma_lith – 

categorical’ 

‘magma_lith – 

categorical’ 

‘magma_lith – 

categorical’ 

‘lith – categorical’ 

HD_weight 100 100 1 100 

prob 0 0 1 1 

local_prob N/A N/A 1 0 

prob_radius N/A N/A 10 N/A 



  CHAPTER 4: APPENDICES 

164 

class_0 N/A N/A ‘0,0.5’ ‘0,0.5’ 

target_0 N/A N/A ‘NN_1.0ds_0.9u

s_p_host 

0.711 

class_1 N/A N/A N/A ‘0.5,1.5’ 

target_1 N/A N/A N/A 0.252 

class_2 N/A N/A N/A ‘1.5,2.5’ 

target_2 N/A N/A N/A 0.0133 

class_3 N/A N/A N/A ‘2.5,3.5’ 

target_3 N/A N/A N/A 0.0240 

class_1234 N/A N/A ‘0.5,3.5’ N/A 

target_1234 N/A N/A ‘NN_1.0ds_0.9u

s_p_magma’ 

N/A 

prob_meth N/A N/A 5 5 

prob_threshol

d 

N/A N/A 0.1 0.1 
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Appendix B Leapfrog parameters 

Table 5.11 Interpolation parameters for VP numerical 

interpolant. 

Value transform 

N/A 

Trend  

 Max Med Min 

Ratio 1 1 1 

 Azimuth Dip Pitch 

Angles 0 0 90 

Interpolant  

Structure Linear Sill 2 

Range 10000 Nugget 0 

Drift Constant Accuracy 0.03 

Outputs 3.0-7.5 in 0.5 increments 

 

Table 5.12 Interpolation parameters for VP/VS numerical 

interpolant. 

Value transform 

N/A 

Trend  

 Max Med Min 

Ratio 1 1 1 

 Azimuth Dip Pitch 

Angles 0 0 90 

Interpolant  

Structure Linear Sill 0.0001 

Range 1500 Nugget 0 

Drift Constant Accuracy 0.01 

Outputs 1.64-1.80 in 0.01 increments 
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Table 5.13 Interpolation parameters for Res numerical 

interpolant. 

Value transform 

N/A 

Trend  

 Max Med Min 

Ratio 1 1 1 

 Azimuth Dip Pitch 

Angles 0 0 90 

Interpolant  

Structure Linear Sill 0.1 

Range Spheroidal Nugget 0 

Drift Constant Accuracy 0.03 

Alpha 3   

Outputs 1.0-2.5 in 0.25 increments 

 

Table 5.14 Interpolation parameters for sills. 

Value clipping 

Lower -1 Upper 1 

Trend  

 Max Med Min 

Ratio 15 15 1 

 Azimuth Dip Pitch 

Angles 0 0 0 

Interpolant  

Structure Spheroidal Sill 100 

Range 2000 Alpha 3 

Drift Constant Accuracy Auto 

 

Table 5.15 Interpolation parameters for WNW-ESE dykes. 

Value clipping 

Lower -1 Upper 1 

Trend  

 Max Med Min 

Ratio 40 20 1 

 Azimuth Dip Pitch 

Angles 19 90 90 

Interpolant  

Structure Spheroidal Sill 600 

Range 2000 Alpha 3 

Drift Constant Accuracy Auto 
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Table 5.16 Interpolation parameters for rifting dykes. 

Value clipping 

Lower -1 Upper 1 

Trend  

 Max Med Min 

Ratio 40 20 1 

 Azimuth Dip Pitch 

Angles 103 90 90 

Interpolant  

Structure Spheroidal Sill 600 

Range 2000 Alpha 3 

Drift Constant Accuracy Auto 

 

 

Table 5.17 Structural trend parameters for cone sheets from 

“Heimisson” source. 

Trend type Non-decaying 

Compatibility Version 2 

Trend inputs Strength 

inner_cone_guide_heimisson 12 

outer_cone_guide_heimisson 12 

inner_cone_surface_heimisson 12 

outer_cone_surface_heimisson 12 
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Appendix C Sklearn parameters 

Table 5.18 Sklearn parameters for geophysics magma 

predictive model fitting. 

Sklearn implementation Parameters 

preprocessing.MinMaxScaler feature_range = (0,1) 

copy = True 

linear_model.LogisticRegression penalty = I2 

dual = False 

tol = 1e-4 

C = 1.0 

fit_intercept = True 

intercept_scaling = 1 

class_weight = None 

random_state = None 

solver = ‘lib_linear’ 

max_iter = 100 

multi_class = ‘ovr’ 

verbose = 0 

warm_start = False 

n_jobs = 1 

gaussian_process.GaussianProcessClassifier kernel=None 

optimizer = ‘fmin_l_bfgs_b’ 

n_restarts_optimizer = 0 

max_iter_predict = 100 

warm_start = False 

copy_X_train = True 

random_state = None 

n_jobs = 1 

neural_network.MLPClassifier hidden_layer_sizes = 100 

activation = ‘relu’ 

solver = ‘adam’ 

alpha = 0.0001 

batch_size = ‘auto’ 

learning_rate = ‘constant’ 

learning_rate_init = 0.001 

power_t = 0.5 

max_iter = 1000 

shuffle = True 

random_state = None 

tol = 1e-4 

verbose = False 

warm_start = False 

momentum = 0.9 
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nesterovs_momentum = True 

early_stopping = False 

validation_fraction = 0.1 

beta_1 = 0.9 

beta_2 = 0.999 

epsilon = 1e-8 

svm.SVC C = 1.0 

Kernel = ‘rbf’ 

degree = 3 

gamma = ‘auto’ 

coef0 = 0.0 

probability = True 

shrinking = True 

tol = 1e-3 

class_weight = ‘balanced' 

verbose = False 

max_iter = -1 

decision_function_shape = ’ovr’ 

random_state = None 
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Table 5.19 Sklearn parameters used for projecting and clustering 

realisation distances. 

Sklearn implementation Parameters 

manifold.MDS n_components = 1:100 

metric = True 

n_init = 500 

max_iter = 300 

verbose = 0 

eps = 0.001 

n_jobs = 1 

random_state = None 

dissimilarity = ‘precomputed’ 

cluster.KMeans n_clusters = 1:100 

init = ’k-means++’ 

n_init = 10 

max_iter = 300 

tol = 0.0001 

precompute_distances = ’auto’ 

verbose = 0 

random_state = None 

copy_x = True 

n_jobs = 1 

algorithm = ’auto’ 

neighbors. KNeighborsClassifier n_neighbors = 1 

weights = ’uniform’ 

algorithm = ’auto’ 

leaf_size = 30 

p = 2 

metric = ’minkowski’ 

metric_params = None 

n_jobs = 1 

**kwargs 

 


