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ABSTRACT

Exploration of geothermal resources involves analysis and management of a large number of
uncertainties, which makes investment and operations decisions challenging. Remote Sensing (RS),
Machine Learning (ML) and Artificial Intelligence (AI) have potential in managing the challenges of
geothermal exploration. This thesis presents a methodology that integrates RS, ML and Al to create an
initial assessment of geothermal potential, by resorting to known indicators of geothermal areas — namely
mineral markers, surface temperature, faults and deformation. The method introduced in this thesis was
implemented in two sites (Brady and Desert Peak geothermal sites) that are close to each other but have
different characteristics (Brady having clear surface manifestations and Desert Peak being a blind site).
Various satellite images and geospatial data were processed for mineral markers, temperature, faults and
deformation and then ML methods were implemented to obtain patterns of surface manifestation related to
geothermal sites. The resulting Geothermal AT uses these patterns from surface manifestations to predict
geothermal potential of each pixel. The Geothermal Al was tested using independent data sets obtaining
accuracy of 92-95%. The Geothermal Al was also tested by training on one site and executing it for the
other site to predict the geothermal / non-geothermal delineation; in this task, which requires

generalization, the Geothermal AI performed quite well in prediction with 72-76% accuracy.
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CHAPTER 1
INTRODUCTION

Nations and companies are migrating to renewable sources of energy. This transformation is being
motivated by companies' own Environmental, Social and Governance goals (ESG), and nations awareness
of the impacts of climate change and commitments like the Paris Agreement [1] or the United Nations
Sustainable Development Goal 7 (SDG7) [2]. Most of the investments in renewable energy correspond to
solar and wind based systems.

Geothermal energy has had limited investment. Despite the low environmental impact, reduced carbon
footprint, and the economic competitiveness as an energy source, geothermal energy constitutes only 0.19%
of electricity capacity installed in 2019, and 0.33% of electricity generation in 2018 [1].

There are various critical strategic factors limiting the adoption of geothermal energy, among the major
factors are: Resource availability (for example, zone belonging to the ring of re [3]), political (the
preferences of the public and legislators on speci ¢ energy sources like solar or wind), legal (permitting and
liability), consumer understanding of technology [4] (a negative association with other drilling
technologies), investment risk (associated to uncertainty and few cases available), and the Levelized Cost
Of Energy (LCOE) as compared to competing alternatives [5].

The LCOE methodology provides disaggregation of costs and assessment of risks by weighting total
costs over the life of the asset [6], and by making all the investments comparable, it shows the
competitiveness of the geothermal energy against other alternatives. However, as it is indicated by
IRENA's Renewable Power Generation Costs 2019 report [7], LCOE does not properly capture the e ects
of risks in the economic analysis because of selection bias, which emerges from consideration of costs of
only completed projects. In the case of geothermal energy, the number of samples is lower than other types
of projects, and it's possible that projects fail at earlier stages. For these reasons, during nancial
evaluation additional steps are taken to castigate geothermal investments.

Besides the limited pool of projects to compare against, geothermal energy projects have inherent
uncertainty and risks that must be properly evaluated and managed. Risks can be identi ed and managed
in di erent ways; for geothermal projects, the sources include nancial risks and project risks, and ways to
manage them include the use of experts and exploration campaigns that can be done physically or remotely.

There are di erent approaches proposed for managing and evaluating nancially the associated risks.
Sanchez-Alfaro et al. uses a variable Weighted Average Cost of Capital (WACC) that ranges between

9-15% to address the economic impact of this risk and account for mitigation strategies by country (for



example, subsidies and risk capital in New Zealand) [4]. Van der Zwaan penalizes geothermal WACC by
2% over other renewable energy sources, while indicating that this is an assumption and an open area of
research [8].

The risk is especially severe in green eld areas, where there is no basis for evaluation, and this has been
alleviated by the e orts of governments (e.g., Iceland, New Zealand, USA, and Chile) that provide the
results of remote sensing surveys and geological information to potential investors. In all cases, the
adoption of geothermal energy requires e ort to lessen the uncertainties associated with resource evaluation
and exploration (including options like government-backed risk insurance) [9].

The majority of the costs and associated risks in a geothermal project emerge during the initial stages
of the projects. Over 80% of LCOE is driven by capital costs [6], and exploration accounts for around 5%
of the costs. In addition, these costs drive up to 54% of the total cost of preparation and drilling.

Managing those costs and risks requires the careful use of a phased exploration program [10] to maximize
return on investment potential, especially at the earlier stages of the project [11].

The fact that exploration of geothermal resources involves the analysis and management of a large
number of uncertainties, makes investment and operations decisions challenging. These uncertainties can
be grouped as geological, technological and economic uncertainties.

The geological uncertainty is inherent to the nature of the problem; the geological model of the
geothermal site, which directly impacts the production strategy, is highly dependent on the management of
these uncertainties. A diagram of the the interrelations of these factors is shown in Figure 1.1.

As shown in Figure 1.1, there are complex interrelationships between the sources of uncertainty, the
technical models and tools used to estimate the risk and possible value, the decision process required to
manage this risk and value produced and the nal process of developing the resource. Two feedback loops
exist that complicate the process, the dependence of the reservoir model on the production strategy, and
additional unknowns from geological and technological uncertainties that a ect economic uncertainties and
nancial evaluation.

The geological uncertainty stems from incomplete knowledge of subsurface characteristics of geothermal
systems, that is: Geological setting, geomechanical properties, fracture distribution and permeability and
spatiotemporal distribution of temperature. Additionally, a considerable amount of uncertainty is
introduced through data acquisition and processing (objective uncertainty), the interpretation (subjective
uncertainty), via the data analysis, modeling and expert opinion [12].

Technological uncertainties relate to the reservoir model, which is interlinked with geological model and
the production strategy. The sources of technological uncertainty comprise limitations in type of data

available (most of the data comes from surface, and subsurface data is incomplete), the inherent statistical



Figure 1.1 Relationships between uncertainty and risk in resource evaluation and development (adapted
from Witter et al. [12]).

nature of the analysis, data resolution and error introduced by measurements and sensors, and their
interaction with the environment (e.g., clouds, noise, unavailability of day or night data, signal mixing, and
data correction).

Economic uncertainties are interrelated with geological and technological uncertainties and impact the
risk analyses, decision process, eld development and production strategy. The main sources of economic
uncertainties are the inability to properly forecast the economic risk, value and costs, due to technical and
geologic uncertainties, changes in energy technology, supply and demand of energy in time, competition,
and cost of capital (e.g., what is the associated technology or geological risk, as a percentage of weighted
average cost of capital).

Therefore, several models and approaches (e.g., geological, geophysical, geochemistry and drilling
technologies) are required to be integrated to manage the uncertainty and associated risks in geothermal
projects. Remote sensing and arti cial intelligence can reduce uncertainty and have been used for this
purpose recently.

Remote sensing (RS) presents a unique opportunity to streamline and decrease the uncertainties at
each stage of the development of a geothermal project (preliminary survey and site selection, exploration,
test drilling, geothermal eld development, power plant design, commissioning and operation) [13]. For
example, the surface manifestations of geothermal sites can be analyzed through remote sensing data

including surface deformation associated to geothermal activity using Synthetic Aperture Radar (SAR)



interferometry, gaseous emissions, structural analysis, mineral mapping, temperature, heat ux
measurement, and geobotany.

These remote sensing techniques can play a role in exploration and reconnaissance, allowing for
hydrogeological modeling, initial geochemical characterization (by mapping anomalous hydrothermal
alterations), identi cation of fumaroles and hot springs through infrared analysis, surface topography, and
others [12].

A large amount of research exists in remote sensing applications in geothermal exploration. For
example, Miyazaki used thermal infrared, airborne SAR, and satellite data to map potential geothermal
resources [14], Little eld and Calvin used a spectrometer to identify and to map geothermal indicator
minerals [15], and Calvin and Pace used a portable spectrometer in drill cores for the same purpose [16]. A
comprehensive review of remote sensing applications for geothermal exploration is presented by Van der
Meer et al. [13]. However, compiling all the information obtained from surface manifestations to obtain a
thorough knowledge about the probability of occurrence of geothermal sites requires large amount of
expertise. Moreover, hidden relations in the data cannot be obtained by replicating the information for
other sites.

Arti cial Intelligence (Al) is a promising area for managing the challenges of geothermal exploration.
Faulds et al. rst introduced play fairway analysis [17] for the regional evaluation of geothermal potential,
based on subsurface and surface data, and has incorporated machine learning (ML) to replicate the results
of human evaluation of play fairway [18]. Fuzzy logic was used by Sadeghi and Khalajmasoumi for regional
evaluation of geothermal potential [19].

Machine learning has been used extensively in the late stages of geothermal exploration [20] (especially
in geophysical [21, 22] and geochemical interpretation [23, 24] and production [25, 26]), but research on
early stages of exploration is limited. A review of uses of ML in the geothermal production life cycle is
given in [27, 28]. For early exploration targeting, Vesselinov et al. applied Negative Matrix Factorization
(NMF) and NMF coupled with a custom semi-supervised k-means algorithm (NMFK) in large-scale
datasets [29] to identify the dominant features, optimize number of clusters and identify hidden signals in
New Mexico [30] (22 di erent factors were found, including air temperature, gravity, depth to water table,
elevation, crustal thickness, drainage, and lithium concentration), Great Basin [31] (where the system
determined that high temperature are related to a few cations/anions found through geochemical analysis),
Hawaii [32] (where groundwater temperature associated with cations and anions were dominant), and Utah
[33] (where temperature at 4km depth is the dominant feature for high geothermal potential). This
research points to the most relevant factors by area to consider in order to evaluate geothermal potential in

a region, and the need to apply these factors for geothermal prospecting through machine learning



approaches. Faulds et al. [18], and Smith et al. [34], introduce machine learning and play fairway analysis
from petroleum exploration to characterize geothermal signatures regionally, use a permutation supervised
module to replicate previous work, and then incorporate Principal Component Analysis (PCA) and
k-means (PCAKk) to demonstrate a pipeline of unsupervised feature selection and semi-supervised clustering
technique applied to the problem.

Despite the use of the above mentioned techniques for uncertainty management, a comprehensive
approach to the evaluation of geothermal potential at a local level (as opposed to regional) using remote
sensing, ML and Al is missing. Such an approach has the potential to be extremely useful for reducing the

cost and managing the risks related to the early stages of geothermal projects.
1.1 The research goals

To close this gap to evaluate geothermal potential at a local level with RS and Al, this thesis proposes
the following research goals: 1) Identify indicator variables that can be used in prediction of geothermal; 2)
label the data for ML, and to 3) prove the feasibility of a DLM in this setting.

Most research in exploration points to the fact that on-site measurements are required. But there are
several indicators that can be assessed remotely.

Additionally, the classi cation of pixels into two well de ned categories requires the use of a supervised
Al system. A big hurdle to tackle is that supervised Al systems necessitate labeling of large number of
data entries for the geothermal and non-geothermal areas in order to train and test the system. However,
labeling geothermal sites by the use of expert knowledge is not practical as the process needs involvement
of a large number of experts, who have in-depth knowledge about the sites.

Finally, being able to create a ML model that ts the data does not ensure its ability to generalize in

the same site and even less on a di erent site.
1.2 Research questions

The research questions associated with the goals of this thesis, and the reasons why the answers to

these questions should be explored are listed below:
1. Goal 1: Identify indicator variables that can be used in prediction of geothermal resources

(&) Which geothermal resources can be used for acquiring data?

Which geothermal resources have available open remote sensing data and also subsurface data

to properly delineate the geothermal system?

(b) Which variables can be used in prediction of a geothermal resource?



Although there are examples of research to identify relevant factors for geothermal potential
prediction at a regional level with RS and ML, there are no known examples of this research at a
site or local level. Moreover, the research relies heavily on local sampling like geochemical
sampling, down-the-hole measurements from other exploration (mainly oil and gas), seismic

data, porosity studies, 2 meter subsurface temperature measurements, and others.

(c) How the data for the variables can be input to an Al?

Data for the same factors or indicators may not be available across sites, making the Al useless;
additionally, simple presence or absence of certain indicators may not be enough for the Al to
discriminate whether a geothermal system is present. Finally, preprocessing and the use of other

classi cation methods may be required to adapt the variables for use with an Al.
2. Goal 2: Labeling the data for use in Machine Learning

(a) How can labeling of outputs be done without the use of experts?

Labeling is critical for arti cial intelligence supervised learning, this labeling of outputs based on
inputs would be hard and expensive to do with experts. Given that we are looking for a low cost
and high impact remote sensing based solution, other tools must be used to provide labels for
the Al. one example would be using semi-supervised techniques (for example, nding a proxy for
whether a speci ¢ pixel in an image is or not geothermal or labeling a small part of the data), or

unsupervised techniques (like clustering, anomaly detection, association and others).

3. Goal 3: Prove the feasibility of a DLM

(a) Are deep learning models a viable tool for predicting presence of geothermal systems?

Deep learning models have been successfully used for pattern and object recognition in visible
spectrum images (RGB), and hyperspectral images. This may not translate well to multi modal

inputs as in the case of geophysical factors.

(b) How does the Al's predictive performance compare to other supervised ML algorithms?
How does the Geothermal Al compare to logistic regression and other ML algorithms like
shallow neural networks, random forests or support vector machines?

(c) Can the Al's knowledge from one geothermal system be applied successfully to a second site?

Generalization may be successful in a single site, but geothermal sites have di erent
characteristics, being the most critical the di erence between sites with surface manifestations

and blind geothermal systems.



1.3 Organization of the thesis

An overall explanation of the methodology is described in chapter 2.

This thesis starts with the identi cation of geothermal resources from which to obtain data is discussed
in section 2.1. The variables that can be used in prediction of a geothermal resource are in section 2.2.
How the data for the variables can be input to an Al is tackled in sections 2.2.1 Temperature, 2.2.2 Faults,
and 2.2.3 Mineral Markers.

How to label the outputs without the use of experts is shown in section 2.3.

Proving the feasibility of a DLM for this problem is done in three steps, showing that deep learning
models are a viable tool for predicting the presence of geothermal systems in section 2.4, showing that the
Al's knowledge can be applied successfully across sites in section 2.5, and nally comparing the DLM's
performance and tness to other supervised ML algorithms in 3. The thesis nalizes with the conclusions
and discussion in Chapter 4.

Complementary to the contents of this thesis, a publication in preparation is included in Appendix A.
1.4 Originality of the thesis

This thesis presents a methodology that integrates RS, ML and Al to create an initial assessment of
geothermal potential, by resorting to known indicators of geothermal areas that include mineral markers,
surface temperature, faults and deformation. The method is implemented in two sites (Brady and Desert
Peak geothermal sites) that are close to each other but have di erent characteristics. The method starts by
processing various satellite images and geospatial data for mineral markers, surface temperature, faults and
deformation and then implements ML methods to obtain pattern of surface manifestation on geothermal
sites. An Al was developed that uses pattern of surface manifestation to predict the geothermal sites [35]
and an automatic labeling method was developed (using unsupervised ML), to feed the Geothermal Al for

training.



CHAPTER 2
METHODOLOGY

The proposed methodology consists of ve stages (Figure 2.1). The rst stage in the development of an
Al system for geothermal exploration is the selection of a suitable site, this site will need to have available
surface and sub-surface information that can be used to delineate the area with respect to geothermal
potential. For this purpose, two areas of interest were selected: the Brady and Desert Peak geothermal
sites, from where data was collected to be used as geothermal indicators. The second stage of the
methodology is the analysis of geothermal indicators, which includes spatial and temporal analysis of
geothermal surface data using ML. The analysis and preprocessing of indicators using ML extracts patterns
from each geothermal data source, which facilitates and enhances the learning process to be used in the Al
system. The third stage is the automatic labeling, which uses unsupervised ML algorithms to identify
geothermal and non-geothermal regions within each site, to be used in training the Al system. The fourth
stage is the development of the Al system, the "Geothermal Al" [35]. The Geothermal Al relies on a deep
learning algorithm which is tailored for the data characteristics of the geothermal sites, using spatial
statistics related to the data in the areas of interest. This stage also consists of training and testing the
Geothermal Al using one of the sites. The nal stage of the methodology is assessment of accuracy, in this
stage the Geothermal Al was tested by training it on one site and running it for the other site to predict

the delineation of the geothermal footprints in the surfaces of each of the selected sites.
2.1 Site selection

The Brady Hot Springs Geothermal area is located in Carson Sink, Churchill County, Nevada,
northeast from Fernley, NV (Figure 2.2), and it is part of the Northwest Basin and Range Geothermal
Region, a region recognized for elevated heat- ow and boiling hot springs since the nineteenth century.

In this area, drilling programs have been conducted since the 1960s, and today there are geothermal
operations in two close sites, Brady (39.79N, 119.02W) and Desert Peak (39.75N, 118.95W). The Brady
geothermal plant has 26 MWe of installed capacity, started operations in 1992 and is a combined ash and
binary power plant [36][37][38]; Desert Peak was built in 2006, has a binary power plant with 21 MWe of
installed capacity [39].

The Brady Hot Springs Geothermal area has been extensively studied and explored, and there is a large
amount of data freely available through the Department of Energy's (DOE) Open Energy Information

(OpenEl) website and its Geothermal Data Repository [38, 39]. These data sources include remote sensing,



Figure 2.1 Methodology steps

Figure 2.2 Area of interest. Carson Sink, Churchill County, NV, USA

on-site surface and subsurface information. Among others, the repository contains analyses for production,
deformation, porosity, and geophysical surveys (seismic, magnetic, and gravity).

The location of Brady and Desert Peak is illustrated in Figure 2.3. In gure Figure 2.3, the Brady
geothermal site is shown in its location in the northwest. The Desert Peak geothermal site is depicted in its
location in the southeast. Both sites are separated by hills and a valley. For both the Brady geothermal

site Figure 2.4 and Figure 2.5 the built-up within the area of interest (AOI) is included for reference.






	Abstract
	Table of Contents
	List of Figures
	List of Tables
	List of Symbols
	List of Abbreviations
	Acknowledgments
	Dedication
	Introduction
	The research goals
	Research questions
	Organization of the thesis
	Originality of the thesis

	Methodology
	Site selection
	Geothermal indicators analysis
	Temperature
	Faults
	Mineral markers

	Automatic labeling
	Analysis of Deformation
	Labeling using Self Organizing Maps

	Geothermal AI
	Analysis of Autocorrelation
	Design of the Geothermal AI architecture
	Training and testing

	Accuracy assessment

	Comparison of Machine Learning Algorithms
	Datasets
	Dataset-1
	Dataset-2

	Multicollinearity analysis
	Analysis of collinearity for geothermal dataset 
	Analysis of collinearity for mineral markers

	The base case: Deep learning model
	Spatial cross-validation to compare models
	Comparison of Machine Learning Algorithms
	Logistic Regression with cross-validation
	Logistic regression with spatial cross-validation
	Neural network – one hidden neuron (nnet1)
	Neural network – seven hidden neurons (nnet7)
	Random Forest
	Support vector machine

	Summary and individual results for best models
	Comparison of model performance using Receiver Operating Characteristics (ROC)
	Results and discussion

	Conclusions and recommendations
	References
	Mineral Markers (unpublished)
	Introduction
	Materials and Methods
	Spectral Library compilation
	Hyperspectral image acquisition for ground truth proxy (HyMap)
	Multi-spectral image acquisition for mineral alteration detection (ASTER, Landsat-8 and Sentinel-2)
	Target Detection
	Post-processing
	Creation of fused mineral maps
	Analysis and comparison

	Results
	HyMap mineral maps as ground truth proxy
	ASTER, Landsat and Sentinel mineral maps 
	Analysis results 

	Discussion and Conclusions
	Acknowledgments

	Algorithms
	Logistic Regression results for Dataset 2
	R code - Temperature layer pre-processing
	Copyright Permissions

