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Chapter 1

Overview

1.1 Motivation
The increase in energy demand and the zero emissions goals, leads our society
to the need of tackling some of the main challenges for the development of low
carbon technologies. Among these, there is geothermal energy, as a very promis-
ing clean and renewable source of energy (Lukawski et al., 2014). Despite this
potential, geothermal energy showed a slow growth in the past years, given the
shortage of favorable policies and the high amount of capital to be invested among
other reasons. The recent (predicted) oil crisis, however, setted the conditions
to elicit academic and industrial projects to study new solutions, that overcome
the major limitations of the geothermal application, in particular for electricity
production (Beckers et al., 2014; Reber et al., 2014). Those limitations include
uncertainties of all kind and environmental impact (microseismic events, land
use), which contributes to the hostility of communities and undermines the in-
terest of policy makers and stakeholders (Manzella et al., 2019). Among the
major sources of uncertainty for the exploration and development of geothermal
projects there is the inherent uncertainty in subsurface characterization (Hoteit
et al., 2023; Gola et al., 2022; Lukawski et al., 2016). This task is largely in the
hand of the geoscientists. This underpins the important role of geoscience in this
societal transformation challenges we are facing in our time.
To characterize the subsurface is not an easy task and the geoscientists’ prac-
tice is inherently affected by aleatoric an epistemic uncertainties, like any other
scientific field. However, the epistemic uncertainty in geoscience is more remark-
able than in other fields, and the role of subjective biases during information
extraction from geodata appears evident at various degrees across pretty much
all of the geoscientific disciplines (Lacchia et al., 2020; Andrews et al., 2019;
Terzaghi, 1965; Gibson et al., 2016).The practices of geoscientists when working
with data typically involve performing visual cognitive tasks. These tasks are
closely tied to human perception and are enriched by the geoscientist’s expertise
and specialized knowledge, such as understanding geological history, structural
and sedimentary models, domain-specific principles, and leveraging associative
memory (Dell’Aversana, 2013). Perception, memory associations, and brain rep-
resentations of data are fundamental components of human intelligence (Friston
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et al., 2012; Euler, 2018; Todd et al., 2012), and they are central to geoscience
practice (Shipley et al., 2013; Andrews et al., 2019; Wilson et al., 2020; Terzaghi,
1965; Boersma et al., 2021). However, individual human characteristics—such as
mental styles, personal experiences, and cognitive biases—introduce significant
variability in outcomes, even for identical tasks on identical data. The geosci-
entist community thus has a moral imperative to minimize this uncertainty in
order to enhance the rigor of scientific conclusions, which have an often under-
appreciated impact on society (Daniilidis et al., 2017; Bond et al., 2007; Wilson
et al., 2019; Terzaghi, 1965; Tannert et al., 2007; Pollack, 2007). For example, in
geophysics the seek of objectiveness can be tracked back to the very first steps
of advancements in the field. Initially, geophysicist gathered around the same
seismic data and confronted their opinion to find the most reliable and robust
conceptualization of the subsurface, based on horizon picking. One or two decades
later, the rise of computational power gave birth to revolutionizing solutions like
seismic attributes (Chopra and Marfurt, 2005) to increase the objectiveness of
interpretations with the mathematical calculation of interesting parameters (e.g.
pore pressure) from seismic features. With the evolution of our computational
capability, nowadays geoscience disciplines are facing an explosion of artificial
intelligence (AI) solutions, such as Machine Learning (ML) and Deep Learning
(DL), to test new, innovative methods that can help in this seek of objectivity. To
go back to the seismic section example, today in literature we can find several pa-
pers addressing the use of DL to automate the horizon position from both 2D and
3D seismic data (Roncoroni et al., 2022; Zhang and Zhu, 2021; Geng et al., 2020;
Bi et al., 2021; Shi et al., 2020). While the potential of AI-based solutions to mit-
igate human cognitive biases is increasingly recognized, research on Intelligence
Augmentation (IA)—the enhancement of human abilities through information
technologies like AI—remains relatively limited (Zhou et al., 2021; Mohanty and
Vyas, 2018). The IA paradigm is grounded in the notion that humans and ma-
chines can collaborate to leverage their respective strengths, achieving superior
results compared to either operating alone. The synergy between AI and IA is
intuitive; advances in AI systems naturally support IA’s effectiveness. However,
there is a fundamental distinction between the two concepts: traditional AI views
machines as autonomous systems capable of fully automating tasks, emphasizing
the goal of "making machines smarter." In contrast, IA focuses on "making people
smarter" by leveraging AI as a technological extension to enhance human capabili-
ties (Zhou et al., 2021; Kline, 1995). Fully autonomous AI systems, carry inherent
risks, including the amplification of human biases and the potential for harmful
outcomes (Manyika et al., 2019). This risk may be particularly pronounced in
geoscientific applications, which generally demand a combination of creativity
and objective thinking to uphold scientific rigor. IA seeks to harmonize biologi-
cal and digital cognitive systems to enhance operational efficiency and generate
value. Machines excel in logical, mathematical, and analytical tasks, while hu-
mans outperform in abstract reasoning and creative problem-solving (Cavas and
Cavas, 2020). Following IA principles, machines are deployed to handle repetitive
or routine tasks, enabling humans to focus on non-routine, creative, and abstract
reasoning.
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In this thesis, we will apply IA principles to develop AI-based solutions aimed
at reducing human uncertainty during the analysis and interpretation of critical
data for geothermal exploration. One of the most significant sources of uncer-
tainty in subsurface characterization for geothermal exploration and development
is the fracture network (Hoteit et al., 2023; Lukawski et al., 2014, 2016; Patterson
et al., 2020; Peacock, 2025; Eriçok and Gümrah, 2010; Yang et al., 2020). This
property, while challenging to assess, is crucial for geothermal applications, as
fractures often serve as the primary natural conduits for fluid flow in the subsur-
face. These fluids are extracted (and re-injected) to harness the heat transferred
from the hot rock to the fluid within the fracture spaces. As in all the other do-
mains of geoscience, fracture characterization is based on the integration of any
available data, and hydraulic tests at the sites of the drilled boreholes. Borehole
data normally have higher resolutions than other geophysical surface data used in
geothermal exploration (e.g. seismic, magnetotellurics-MT) and allow the recog-
nition of finer structures and details of the fracture network. Borehole image logs,
for example, enable operators with the visualization of any geological feature in
the borehole at variable scales (from mm to cm) (Pöppelreiter et al., 2010b; Sun
et al., 2021; Chatterjee et al., 2017; Bouchaala et al., 2019; Dasgupta et al., 2019).
In some cases, these images can also support directional drilling, which is com-
monly employed during the drilling of horizontal wells. This approach has proven
to be an effective solution for optimizing geothermal energy extraction (Wiele-
maker et al., 2020). However, subjectivity remains a significant factor even when
analyzing high-resolution data, hindering the ability to confidently and robustly
model fractures and their apertures. Consequently, this affects the reliability of
long-term thermodynamic predictions and forecasts in specific geothermal sce-
narios, even when advanced numerical simulations are employed (Boersma et al.,
2021; Maerten et al., 2019; Laubach et al., 2019). To overcome the limitations
associated with uncertainty, industry leaders have, since 2019, demonstrated the
feasibility of cutting-edge solutions with the potential to expand the applicabil-
ity of geothermal electricity production to a wider range of geological conditions,
such as deep borehole heat exchangers (DBHE) or deep closed-loop heat exchang-
ers (DCHE) (Hu et al., 2015) or the (Yuan et al., 2021; Kelly and McDermott,
2022). By leveraging modern and advanced drilling technologies, a DCHE essen-
tially functions as a subsurface radiator created through the drilling of multilat-
eral wells. This represents a groundbreaking advancement in geothermal energy
development, as this solution is inherently more scalable and carries fewer risks
compared to conventional geothermal systems, which depend on reservoir fluid
flow parameters and hydrogeological conditions. However, the extensive use of
these advanced technologies is still not financially cost effective, so their feasi-
bility at a global scale remains somehow confined and they are largely untested
(Gola et al., 2022; Kelly and McDermott, 2022). The retrofitting of abandoned
wells has emerged in recent years as a potential sustainable solution to mitigate
the cost limitations of these promising systems (Gharibi et al., 2018; Kaplanoğlu
et al., 2019; Sui et al., 2019).
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Chapter 2

AI-based methods for borehole image
logs analysis automation

2.1 Introduction
The seventh Sustainable Development Goal focuses on green energy production to
fulfill the growing energy request. As a potentially ubiquitous, time-continuous,
clean form of energy, geothermal energy represents a promising solution for our
energetic transition (Manzella et al., 2019; Gola et al., 2022; Lukawski et al., 2014,
2016). Depending on many factors, including both static and dynamic proper-
ties of the geothermal reservoir, we can exploit the heat in the underground for
power production (Birdsell and Saar, 2019; Juliusson and Horne, 2013; Zarrouk
and Moon, 2014). However, the subsurface properties that have to be defined to
assess the geothermal potential of any given geological system fail to be defined
with a satisfiable degree of confidence and accuracy (Ansari et al., 2017; Yoon
et al., 2014; Pandey and Vishal, 2017). The fracture network and their connec-
tivity often form the primary fluid flow paths in the subsurface for the fluids that
we are interested in to extract the heat, but the description of such fracture sys-
tems is often complex, hindered by uncertainty in measurements, and by human
subjectivity (Lukawski et al., 2016; Andrews et al., 2019; Ericok and Gumrah,
2005).
Fracture analysis is, therefore, one of the most important tasks from the geother-
mal exploration perspective, as it allows to estimate those static properties of the
reservoir, such as permeability, based on fractures parameters (Li et al., 2016; Sa-
lone, 2024). In geothermal exploration, fracture analysis is normally done using
a multi-scale approach, integrating several data with different resolutions (e.g.
seismic, magnetotellurics, borehole data), to get the most accurate models of the
subsurface (Faiq Adenan et al., 2023; Hosseinzadeh et al., 2023). Despite the
extremely high-resolution of some of those data however, the fracture detection
from different operators still show high levels of uncertainty (Shipley et al., 2013;
Bond et al., 2007; Shipton et al.). Scheiber et al. (2015) observed the low repro-
ducibility of geoscienctists’ interpretations, Andrews et al. (2019) showed that
fracture analysis tasks using several data and methods for fracture collection are
particularly affected by subjective biases, and this correlates with the hypothesis
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of a relationship between the mental model and psychology of the interpreters
and their results (Shipley et al., 2013; Shipton et al.; Wilson et al., 2020; Euler,
2018). To overcome at least some of the subjective factors related to perception
or the attitude of the interpreter (e.g. detail-oriented or less detail-oriented),
modern and powerful machine learning (ML) and deep learning (DL) methods
are used in all fields of geology and geophysics to support the decisional steps of
interpreters in both industry and academia (Roncoroni et al., 2022; Roncoroni,
2024; Alzubaidi et al., 2021; Shi et al., 2020; Gupta et al., 2019; Jin et al., 2019;
Roncoroni et al., 2023).
In geothermal exploration, as well as in oil and gas, borehole images (BHI) are
among the most commonly used data for performing fracture analysis (Ozkaya
and Mattner, 2003; Ernando and Fathoni, 2011; Yang et al., 2020; Boersma et al.,
2021; Kato and Sakagawa, 1995; Sulistyowati and Haris, 2021; Mazdarani et al.,
2023; Luthi, 2001). These data allow for the derivation of various parameters re-
lated to the petrophysical properties of the drilled formations, which are valuable
for reservoir characterization (Maerten et al., 2019; Basu et al., 2019). BHIs pro-
vide 2D representations of the borehole wall (Pöppelreiter et al., 2010a; Dasgupta
et al., 2019; Sun et al., 2021; Chatterjee et al., 2017), capturing geological features
with resolutions as fine as millimeters. Despite their high resolution, BHIs are
not immune to uncertainty, particularly in fracture analysis tasks, as highlighted
in various studies (Ozol et al., 2015; Boersma et al., 2021; Mondol, 2015; Yang
et al., 2020). The uncertainty in these analyses significantly impacts the con-
fidence in subsequent scientific and technical assessments related to geothermal
reservoir characterization (Lukawski et al., 2016; Witter et al., 2019; Maeso et al.,
2015; Pollack, 2007). It is important to note that these high-resolution BHIs are
obtained after the drilling of a well, which enables the millimetric precision of the
data (Lai et al., 2018).
There is a class of BHI data that are acquired during the drilling of boreholes
that belong to the logging-while-drilling (LWD), which are characterized by a
lower resolution, but can provide with useful insights for decision-making during
geosteering of wells, and reduce the risk related, for example, to borehole stability
issues (Wang et al., 2019; Dasgupta et al., 2019). These LWD BHI have been
proved to be effective in geothermal projects, where they can assist the geosteer-
ing of subhorizontal wells (80-85°) in geothermal reservoir, as an intermediate
solution for multilateral wells (often a non cost-efficient solution) and deviated
or vertical (<35°) wells (Ungemach et al., 2018; Wielemaker et al., 2020). This
solution demonstrated the applicability of LWD BHI in geothermal development,
since the images (azimuthal density images) were used- in integration with other
data- to derive layers of homogeneous poro-permeability properties during the
drilling of a well and support decisions (Wielemaker et al., 2020). Unlike the
extensive research available on high-resolution BHI, there is relatively little liter-
ature exploring the application of machine learning (ML) or deep learning (DL)
to logging-while-drilling (LWD) BHI. Nevertheless, LWD BHI data have demon-
strated potential for use in geosteering geothermal wells, offering promising op-
portunities for improving well placement and efficiency. In our work, we proposed
two innovative AI-based methods for the real-time automated recognition of fea-
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tures in low-resolution borehole images (BHI). The first is a method based on
computer vision (CV) combined with a dynamic time warping (DTW) algorithm,
referred to as CVML throughout the paper. The second is a deep learning (DL)
approach. Both methods are integrated into a framework that supports real-time
human interaction with the system during operation, enabling the validation and
discarding of results as necessary. This framework employs a human-centric ap-
proach inspired by the Intelligence Augmentation (IA) paradigm, which focuses
on enhancing human capabilities by harnessing the strengths of AI (Zhou et al.,
2021; Skagestad, 1993).
The interaction model we propose seeks to blend machine and human cognitive
styles, aiming to increase confidence in the final outcomes. Throughout this work,
we delve into the details of machine-level performance and present hypotheses on
the potential qualitative changes in human operators’ thinking as a result of this
collaborative interaction.
In the following sections, we will provide a brief introduction to some of the
key features of BHIs, describe the proposed methods in detail, compare them to
existing approaches in the literature, and highlight the unique contributions and
novelties of our solutions.

2.1.1 Borehole images (BHI)
High-resolution BHIs provide directional structural, geological, and sedimentary
information at the millimeter scale, making them critical for reservoir charac-
terization (Ameen and Hailwood, 2008; Keeton et al., 2015; Khoshbakht et al.,
2012). As noted earlier, they are 2D representations of petrophysical properties
(electrical, acoustic, density) that allow detailed sedimentary and fracture analy-
sis at this fine scale (Prioul et al., 2007; Kosari et al., 2015). Geological features
such as bedding, fractures, faults, stylolites, vugs, and breakouts typically appear
as sinusoids in BHIs. The classification of these sinusoids (Pattnaik et al., 2020;
Prensky, 1999; Folkestad et al., 2012; Lai et al., 2018) represents a 2D approx-
imation of the geological features and is generally done manually by a human
interpreter.
However, this interpretation task is often considered a tedious task because it is
unnecessarily repetitive, monotonous, and time-consuming (Lopes et al., 2018).
This has spurred a growing interest in developing AI methods for a wide range of
geophysical applications, particularly for BHI interpretation, as discussed further
in section 2.1.2. Despite this interest, AI methods are commonly employed under
the assumption that they can effectively replicate human behavior and percep-
tion. As a result, little attention has been given to evaluating these methods
beyond benchmark scores or understanding the implications of human-machine
interactions from a human-centric perspective (Liu et al., 2023).
In this thesis, we propose several solutions to improve DL-based methods by
employing diverse training strategies aimed at enhancing their alignment with the
cognitive abilities humans use for this task. Additionally, we explore the potential
implications of these methods, envisioning scenarios of varying complexity where
human-machine interaction could play a pivotal role.
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One example of high-resolution BHIs is obtained using the Formation MicroIm-
ager (FMI), an electric conductivity borehole imaging tool. FMI provides highly
detailed conductivity images of borehole walls (Fig. 2.1) and is extensively used
for characterizing fractures and collecting essential data for subsequent simula-
tions (Lepillier et al., 2020; Boersma et al., 2021; Rajabi et al., 2010; Jin et al.,
2022). High-resolution images like these are acquired using the wireline method,
where the tool is lowered into the open hole to make measurements after drilling
has ceased.
In contrast, LWD BHIs have lower resolution because they are acquired in the
dynamic and often disturbed environment of ongoing drilling (Poppelreiter, 2009;
Wang et al., 2019). The tool is part of the rotating drilling assembly, and the
signals required to generate 2D borehole images are transmitted to the surface
via mud pulse telemetry, leveraging the drilling mud (Klotz et al., 2008; Berro
and Reich, 2019; Mwachaka et al., 2019). The quality of these images is directly
affected by conditions in the borehole, further complicating the interpretation
process (Gong et al., 2021).

Figure 2.1: Example of a 3-meters interval of an a) FMI and b) LWD azimuthal
density borehole image (right).

As mentioned earlier, interpretation results for both wireline and LWD BHIs are
subject to uncertainty. In recent years, numerous ML and DL solutions have been
proposed in the literature to assist interpreters with this challenging task. In the
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next section, we will review the state-of-the-art methods for these problems and
highlight how they differ from the approaches proposed in this work.

2.1.2 Related work
In recent decades, significant progress has been made in the detection and charac-
terization of borehole image features. Early methods focused on sinusoidal shape
detection using Hough (Hough, 1962) and Radon transforms (van Ginkel et al.,
2003). Hall et al. (1996) proposed an approach that combined edge detection,
the Hough transform, and an unsupervised neural network called Competitive
and Selective Learning for automatic extraction and characterization of features.
Thapa et al. (1997) employed a simpler methodology using the Hough transform,
where the darkest 10% of pixels were selected, and a 3D search determined the
amplitudes, phases, and offsets of potential sinusoids. However, computational
limitations at the time made these approaches impractical for production. Similar
methodologies were proposed by Glossop et al. (1999), who employed a Lapla-
cian of Gaussian (LoG) filter, and Zhang and Xiao (2009), who combined adaptive
histogram equalization with directional filtering before applying the Hough trans-
form. van Ginkel et al. (2003) extended curve detection using Radon transform in
a 3D orientation space, but the authors reported poor performance. Assous et al.
(2014) introduced a method combining gradient and phase-based approaches to
validate congruence and amplitude, utilizing Log-Gabor wavelets for edge valida-
tion before sinusoidal detection and estimation, achieving a false positive rate be-
tween 2% and 5%. Wang et al. (2007) proposed an edge-detection-based method
for rock fracture identification using Support Vector Machines (SVM) with Gaus-
sian kernels, extracting 11 image parameters. While promising, the results did
not meet the expected performance.
Al-Sit et al. (2015) improved planar discontinuity detection by combining Gabor
filters for feature extraction with the Hough transform for sinusoidal detection.
This method achieved high detection rates with a false positive rate of only 1%.
Despite these advancements, most of the aforementioned methods were tested on
modeled data or low-noise acoustic images. When applied to real acoustic and
electrical borehole images with high noise levels, these approaches often produced
a significant number of false positives (Anatoli Quintanilla Cruz et al., 2017).
In recent years, the rapid development of deep-learning techniques has signif-
icantly improved image processing tasks, including fracture segmentation and
extraction. ChunYu et al. (2022) introduced an attention-constrained depth gen-
eration network to effectively fill blank regions in electrical imaging logs. Jiang
et al. (2021) demonstrated the effectiveness of Convolutional Neural Networks
(CNNs) for classifying facies in microresistivity image logs. (Wei et al., 2022)
applied Conditional Generative Adversarial Networks (CGANs) (Mirza and Osin-
dero, 2014) to identify horizontal and low-angle fractures in logging images with
an accuracy of 90%.Alzubaidi et al. (2022) utilized Mask R-CNN for fracture
detection from drilling core images , focusing on sinusoidal fractures, and pro-
vided a framework for extracting fractures of similar shapes. Petrov et al. (2023)
proposed the first multi-branch deep model for borehole images segmentation.
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Compared to traditional approaches, these deep-learning methods have demon-
strated remarkable improvements in fracture detection accuracy and robustness.
However, all the aforementioned works, whether they are based on ML or DL,
focus on high-resolution BHI. Notably, FMI is one of the preferred data for the
validation of methods. Furthermore, most of these methods, particularly the deep
learning-based approaches, are often described as performing feature extraction
(e.g., identifying edges and their associated sinusoids), whereas, in practice, they
are primarily engaged in edge detection, which involves localizing edges as regions
with high intensity contrast, typically achieved using state-of-the-art neural net-
works for segmentation. Finally, these methods use field data to train their DL
systems and compare the results of the predictions with the results of manual
interpretation. Given the high resolution of those data and the extremely high
variability of geology as we know it, the use of high-resolution BHI field data for
training arguably is a source of bias for the DL systems.
Despite the more extensive use of FMI data in geothermal exploration practices,
LWD images can play a crucial role in geosteering navigation for subhorizontal
wells (SHW). Their potential to enhance well performance and improve reservoir
evaluation has been demonstrated in suburban geothermal projects (Ungemach
et al., 2018, 2021). With regard to the DL-based approaches for LWD images
for sinusoidal features extraction, Sun et al. (2021) used a 1D approach based
on Wavelet Trasform Modulo Maxima (WTMM) and Long-Short Term Memory
neural network to pick dipping strata from azimuthal gamma LWD BHI, but the
fracture analysis results have not been discussed,
In this work we propose a ML- and a DL-based approach for the automatic
sinusoidal feature extraction from LWD borehole image logs. The ML approach
(CVML in section 2.2.2) is based on a combination of computer vision (CV)
and dynamic time warping (DTW), to dynamically analyze the LWD image and
extract the sinusoids. Moreover, we propose a supervised DL method, consisting
of two NNs, one for the segmentation of the LWD borehole images (Picknet)
and the other to estimate the position of the sinusoids from those segmented
images (Fitnet). Two version of Picknet were trained according to the standard
(SL) and the curriculum learning (CL) strategies. This differentiation was done
to investigate the differences in Fitnet results, given the SL- and CL- Picknet
variations, and possible consequences in the human-machine interactions.
Another key aspect of our approach, is that we trained our NNs proposing a
synthetic LWD image generator to collect the training dataset. In our experiment,
we compare several variants of the same approach, heuristically and selectively
changing training strategies and optimization variables (e.g. loss function, weight
initialization) and analyze the variations in the results (section 2.3) on synthetic
data.
After validating the latter approach, we compare the results of the two methods on
field data in terms of prediction time (which we believe is important for real-time
applications like geosteering navigation) and benefits and limitations. We use
LWD datasets from very far apart areas of the world to validate our methods, to
test their robustness across the highly variable borehole data. Within the dataset
we include two FMI datasets, introduced in section 2.2.
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The use we propose for the implemented methods, follows the semi-automation
paradigm, which involves the real-time interaction of the human and the ma-
chines, to complete a specific task. Semi-automation has been proposed as a so-
lution in several fields (biology, data labeling, mathematics, geoscience) to limit
variability and slowness of humans in tasks that can be easily and quickly handled
by machine through their logical processing since the cathode-ray tubes (Desmond
et al., 2021; Bennett et al., 1963; Cadena-Herrera et al., 2015). In our method,
semi-automation is employed to enable the operator/machine interaction to vali-
date and discard the predictions in real-time. With the rapid growth of Machine
Learning (ML) and Deep Learning (DL) in our field, we are arguably capable of
addressing nearly all problems traditionally associated with human subjectivity.
However, the evaluation of how such methods influence task-specific epistemic
uncertainty remains largely unexplored. We argue that semi-automation and the
exploration of multiple alternatives using the same machine for identical tasks
are essential for the robust validation of DL methods in geoscience. Furthermore,
the impact of these methods on human cognitive processes and associated uncer-
tainties should be thoroughly assessed. This aligns with the findings of Andrews
et al. (2019); Shipley et al. (2013); Bond et al. (2007); Wilson et al. (2019), which
highlighted that individual psychological characteristics play a more critical role
in determining outcomes than prior experience. The understanding of how ma-
chine can influence our perception, as well as other humans do, is an open topic
in computer and cognition sciences for the most common visual tasks of our daily
life (Funke et al., 2021; Quintas, 2023; Nakada et al., 2018; Liu et al., 2023).
Hopefully, this defines the path for the future of this research.
Finally, some boreholes in the LWD dataset from the Coral Field (Mozambique)
were associated with highly risky conditions, that eventually lead to borehole in-
stability and environmental, techno-economical damage to the exploration/pro-
duction activity. A Mass Transport Deposit (MTC) was interpreted in two bore-
holes(LWD3 and LWD1) of this dataset by experts (Fonnesu et al., 2020), and this
eventually caused instability and loss of instrumentation in one of them (LWD1).
In our AI solutions, we also extracted implicit information from the intermediate
steps of the automated analysis, to observe if we can extract in real-time some ad-
ditional supportive information for the decisional processes related to geosteering.
We did that for both the CVML and the DL method, conceptualizing different
approaches to gather and use the methods results and investigate the possible
related geological information (sect. 2.3.6).

2.2 Data and Methods
In this section, we describe the CVML and DL methods proposed in this thesis,
along with the field datasets used for their evaluation. To assess the generaliza-
tion and scalability potential—particularly for the DL method—we utilized real
azimuthal density LWD and FMI image logs from diverse drilling projects with
varying objectives (Fig. 2.2).
The density LWD data were sourced from the Cascadia subduction zone and
Mozambique, acquired for research purposes and gas field exploration, respec-
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tively. The FMI logs from the Naaldwijk geothermal field in the West Netherlands
Basin (WNB), as interpreted in Boersma et al. (2021), were used to constrain and
inform fluid flow simulations aimed at evaluating long-term net energy produc-
tion. This dataset is publicly available at this link. To evaluate whether our
method could replicate human intent, we tested its scalability on these high-
resolution BHI datasets. However, since the interpretations in Boersma et al.
(2021) were not accessible in sinusoid-related forms, we first validated the up-
scaling approach using another open FMI dataset. This dataset comprises 115
examples of 2-meter FMI segments, provided by Conoco Phillips, and is avail-
able at this link. Unfortunately, the precise locations of these datasets remain
undisclosed. Regarding the Mozambique dataset, two boreholes were associated
with a massive mass transport complex (MTC) (Fonnesu et al., 2020). MTCs are
particularly significant in hydrocarbon exploration but present considerable risks
due to their high heterogeneity. In one of these boreholes, drilling operations
had to be halted prematurely due to borehole instability issues within the MTC,
resulting in material loss. The generation of synthetic training data for the neural
network (NN) is detailed in Section 2.2.1. This synthetic data was exclusively
used in the DL-based method, as the CVML approach does not rely on NNs and
did not require any training.

Figure 2.2: Locations of the datasets used to validate the AI-based proposed
methods.
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2.2.1 Synthetic data
One of the most interesting aspects related to our supervised learning approach
is the generation of a synthetic dataset, implementing an algorithm, trying to
solve the main challenges related to the representativeness of the dataset and
the sparsity of the geological features (Gupta et al., 2019). The representative-
ness is critical for network training, as the distribution of the dataset defines the
learning domain and shapes the model’s ability to generalize within that space.
The sparsity undermines the applicability of supervised learning to this problem.
This is because, especially in high-resolution BHI, several geological features of
multiple orders can be observed in non predictable geometrical and structural
configurations. The classical NN implementations for a supervised learning prob-
lem, require the desired output to be a (pre-defined) fixed size array of desired
values, enabling the calculations of all those parameters, e.g. loss function, that
make the NN converge towards the optimum in the parameter (weights) space.
The strategies we used to address these challenges are discussed in this section.
First, to generate the training dataset, we must define the size of the synthetic
images used for network training. This step is critical as it determines the scale
at which borehole images are automatically analyzed. As stated above, NN are
unable to handle variable-sized training datasets, making consistent input di-
mensions a key design consideration. In our case, we base the input size on
the sampling characteristics of industry-standard Logging While Drilling (LWD)
tools, using a depth sampling rate of 0.05 meters and dividing the 360° borehole
into 16 sectors. To generate synthetic borehole image windows of 1 meter, we
can initialize the data as a zero matrix ∈ R20x16. Within this zero matrix, we can
then define the positions and number of discontinuities arbitrarily. The depth
of each interface (edge) is defined by randomly selecting its starting point in the
20 × 16 initial matrix. From this starting point, a sinusoidal trajectory is defined
as:

y(x) = A sin
(2π

N
x + ϕ

)
(2.1)

where:

• The amplitude A is defined as:

A = rand(1, Smax) = rand(1, rand(1, 20)) (2.2)

• The phase ϕ is defined as:
ϕ = U(0, 2π) (2.3)

• N represents the number of sectors in the borehole image, which is the
number of bins into which the tool divides the 360◦ of the borehole.

• x is a continuous set of values covering the full 360◦ of the sinusoid in N
discrete steps.

In this context:
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• A is the amplitude of the sinusoid, randomly sampled between 1 and Smax.

• ϕ is the phase of the sinusoid, randomly sampled from a uniform distribution
U between 0 and 2π.

• N is the total number of sectors or bins in the borehole image.

• x represents the discrete positions along the sinusoidal wave from 1 to N .

.

After determining the interface location, the pixels corresponding to the sinusoidal
edge positions in the original matrix are set to 1, creating a binary matrix where
ones mark the edges and zeros fill the rest. This binary matrix is crucial for the
workflow design. However, to construct a synthetic raw borehole image panel, we
also need to simulate noise before and after convolution, as well as variations in
petrophysical properties with different contrasts. For this, we assign a random
contrast value within a specified range (2 to 10 in our experiment). To model the
transition between petrophysical intervals, we convolve each segment with a kernel
of ones, where the kernel’s length equals the number of samples in the panels.
This convolution smooths the synthetic data by averaging over a window, thereby
reducing noise and creating smoother trends. This process helps generate more
realistic training data, which is beneficial for training machine learning models or
for any application requiring smooth data. Our approach also involves applying
least-squares fitting to each detected edge in the synthetic data, allowing us to
accurately retrieve the associated best-fitting plane. This technique ensures that
the edges are modeled with minimal MSE error, providing a precise estimation
of the dip and orientation of geological features. However, it’s important to note
that training with evenly spaced discontinuities can be problematic. If we were
to place the same number of discontinuities in each synthetic panel, the network
would be trained to always detect a fixed number of edges, leading significantly
limiting the model’s generalization to real-world data. We need to find a solution
that balances the creation of a representative dataset with the requirements of
designing a workflow compatible with the architecture of the NN. This involves
ensuring the synthetic data captures realistic variations while aligning with the
constraints of the network, such as fixed input sizes. By doing so, we can optimize
the training process to produce robust models that perform well on both synthetic
and real-world data. In our experiment, we generated panels with a random
number of interfaces D ∈ [0,2].
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Figure 2.3: Synthetic example with 0 edges in the image.

Figure 2.4: Synthetic example with 1 edge in the image.
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Figure 2.5: Synthetic example with 2 edges in the image.

Our strategy involves zero-initializing a fixed number of vectors for each panel,
corresponding to the maximum number of discontinuities present in the image. If
one or more edges are added to the panel, the associated zero-initialized vectors
are updated to represent the y-coordinates of the best-fitting plane for each edge.
This approach ensures that even if the number of edges varies between panels,
the network maintains a consistent structure by associating the detected discon-
tinuities with the corresponding best-fitting planes keeping all the others vectors
as zeros. An example of that can be seen in Fig. 2.3, 2.4, 2.5.
In section 2.2.4, we will detail how the synthetic dataset was used to evaluate
the complexity of the task from the perspective of the DL system under varying
conditions in the data generation algorithm. This analysis served as inspiration
to test different training strategies aimed at creating alternative digital cognitive
styles for the system. We will also explore the differences among these approaches
and their potential impact on human intelligence augmentation.

2.2.2 Computer vision & Machine learning - CVML
In this section we will introduce the first method (CVML) we developed for the
LWD borehole images automated analysis. We will describe the basic functioning
principles of the CV and ML methods that have been combined for this purpose.
Finally, we will describe the whole method with details on how we make use of
both CV and ML to carry out this task effectively.
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Computer vision: the Sobel operator

The computer vision (CV) part of this method is based on the Sobel method,
which is an edge detection computer vision methodology. The method relies on
the so-called Sobel operator: an efficiently computable isotropic gradient estimate
of digitized pictures. This estimate is provided by the vector summation of the
4 possible simple central gradient estimates obtainable in a 3x3 neighborhood,
which provides an averaging over the directions of gradient measurements (Sobel,
2014; Thompson et al., 1974). An image is essentially a density or an intensity
function, depending on the physical nature of the image source, and a 2D function
that maps pixel values P onto an NxN domain of coordinates, such that

I(u, v) ∈ P, where u, v ∈ N (2.4)
Several operations can be applied on such images, like point operations and fil-
tering (Burger and Burge, 2016). Point operations are the transformation of an
original pixel value a to a value b, such that

a = f(I(u, v)), and b = f(a) (2.5)
whereas filters, normally obtain a new pixel value in the output image as a func-
tion of a region of pixels R(u, v)

a = f(I(u, v)), and b = f(R(u, v)) (2.6)
In filtering operations, the filter operator is essentially a matrix H(i, j) with the
same size as R(u, v), where each H element specifies the weight to be associated
with the corresponding pixel in R. This are definied as linear filters, since their
outcome is a weighted sum of R(u, v).
Filters are what we need for edge detection purposes (Shrivakshan and Chan-
drasekar, 2012; McIlhagga, 2018; Mehrotra et al., 1992; Sarkar and Boyer, 1991;
Torre and Poggio, 1986). Edges are defined as sharp pixel intensity contrasts and
their detection by means of computer vision is a very useful operation that allows
to reduce the amount of data related to the image, preserving the interesting
information, i.e., the edge itself.
Mathematically, the gradient of a function f(u) with respect to an independent
variable x corresponds to its first derivative

df(u)
dx

= f(u + 1) − f(u − 1)
(u − +1) − (u − 1) = f(u + 1) − f(u − 1)

2 (2.7)

To estimate the gradients in each direction of the image we express the 3x3 sobel
kernels using the following weighting functions

Hx =

−1 0 1
2 0 2

−1 0 1

 ; Hy =

 1 2 1
0 0 0

−1 2 −1

 (2.8)

These filters calculate gradients within the image by means of convolution, so for
each directional gradient estimation filter like in equation 2.8, the output image
is computed as follows for the x direction
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Gx =
+∞∑

i=−∞

+∞∑
j=−∞

I(u − i, v − j) · Hx(i, j) = I(u, v) ∗ Hx(i, j) (2.9)

and

Gy =
+∞∑

i=−∞

+∞∑
j=−∞

I(u − i, v − j) · Hy(i, j) = I(u, v) ∗ Hy(i, j) (2.10)

The final gradient G is given by the norm of Gx and Gy

G =
√

(G2
x + G2

y) (2.11)

Dynamic Time Warping

Dynamic Time Warping (DTW) is a non-linear optimal alignment method be-
tween two given numerical sequences (Müller, 2007). The speciality of DTW is
that it can be applied to any pair of timeseries, having different sampling and
lengths. The alignment of the numerical series is achieved by warping along the
time axis to produce the optimal alignment, and this is particularly useful when
we need to compare data with time deformations and different speed. As a dy-
namic programming (DP)-based technique, DTW solves the optimal alignment
problem by breaking it down to simpler overlapping subproblems, which makes it
particularly suitable for problems with optimal substructure. A problem exhibits
optimal substructure if an optimal solution to the problem can be constructed
from optimal solutions to its subproblems, which are solved multiple times (over-
lapping subproblems). This overlapping requires some memoization, to avoid
recalculation of the same subproblem solution during recursion. In DTW each
time points alignment between the two timeseries is the subproblem, whose solu-
tion is given by the minimum cost, i.e., dissimilarity between the aligned points.
DTW compares two time-dependent sequences X := (x1, x2, ..., xN) and Y :=
(y1, y2, ..., yN) with lengths N ∈ N and M ∈ N, respectively. The sequences may
be discrete or with equidistant samples in time, regardless if they are discrete
signals or feature sequences. Let’s fix a feature space F , such that xn, ym ∈ F
for n ∈ N and m ∈ M . The comparison between this two features is made by
means of a local distance measure defined by the function

c : F × F → R≥0 (2.12)

where c is the cost function, which is small for similar x and y, otherwise is large.
The function c is in the domain of F where it takes the set of all possible ordered
pairs of elements from F and maps each element from F × F to the set of non-
negative real numbers R≥0, since c is a distance or similarity function.
The computation of a local similarity measure for each pair of elements xn and
ym in the end results in a cost matrix C ∈ RNxM , such that C(n, m) := c(xn, ym).
The optimal alignment can intuitively be interpreted as the set of entries in C
that form the minimal overall cost. This set defines the so-called warping path,
defined as a sequence p = (p1, ..., pL), which defines the alignment and satisfies
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1. boundary condition: p1 = (1, 1), pL = (M, N).

2. monotonicity condition: n1 ≤ n2 ≤ ... ≤ nL and m1 ≤ m2 ≤ ... ≤ mL

3. step size condition: pl+1 − pl ∈ (1, 0), (0, 1), (1, 1)for l ∈ [1 : L − 1]

A generic warping path is thus associated to a total cost cp defined as

cp(X, Y ) :=
L∑

l=1
c(xnl, yml) (2.13)

but since we are looking for the optimal alignment, the optimal warping path is
the final desired results of the DTW method and it’s equal to the optimal total
cost cp∗(X, Y ), such that

DTW (X, Y ) := cp∗(X, Y ) = min{cp(X, Y )} (2.14)

The CVML algorithm

As a combination of the computer vision Sobel method and DTW, CVML al-
gorithm automatically analyzes borehole images and counts on two fundamental
steps. First, the Sobel filters are applied on borehole images to extract the value
of the gradients at each pixel position as explained in Section 2.2.2. Starting
from an input borehole image I, we obtain the associated gradient image G as
in equation 2.11. Let Gmax = max(G), as the maximum value in the gradient
image, we defined a threshold T as a percentage α of Gmax, as

T = αGmax, where 0 < α ≤ 1 (2.15)

We then define a set P of pixel coordinates (i,j), where the gradient value is
greater than T as

P = {(i, j)|Gi,j ≥ T} = {(i, j)|Gi,j ≥ αGmax} (2.16)

This set of coordinates represents the set of points which are likely to correspond
to detectable edges, as they correspond to the higher gradient values. For this, we
use P as the intial step for the automated feature correlation in borehole images.
For instance, let P(ip, jp) be the coordinate of a pixel ∈ P with jp = 0. We define
the subsequence Sp as

Sp = (I(ip−h, jp), ..., I(ip+h, jp)) (2.17)

where h is an arbitrary value to be decided according to the desired automated
analysis scale and the image resoluton. At this point we can select a set of
subsequences S(jp+1) in the adjacent image column, such that

S(jp+1) = {S(i, jp+1) |i ∈ [ip − H, ip + H]} (2.18)
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where H is the search length in both search directions with respect to ip. We
compute the DTW of Sp and the ith- S(i, jp+1) ∈ S(jp+1) and we select the best
adjcent subsequence S(i∗, jp+1) as

S(i∗, jp+1) = arg min
i∈[ip−H,ip+H]

(DTW (Sp, S(jp+1)) (2.19)

Finally, we use S(i∗, jp+1) as the new subsequence and repeat this procedure until
360° coverage of borehole image. In other words, we build a new set of points P′,
defined as the union of the original set P and the set of optimal coordinates such
that

P′ = P ∪ {(i∗, j)|j = jp+1, ..., jmax} (2.20)
Ultimately, we want to fit a sinusoid to each vector of optimal i coordinate ibest =
[ijp

∗ ], which represents the best 2D (planar) approximation of the edge in the
original image. Let’s the sinusoid be

f(j) = Asin(ωj + ϕ) + c (2.21)

where A is the amplitude, ω the angular frequency, ϕ the phase, and c the offset
of the sinusoid. The fit is done by minimizing the squares residuals between f(j)
and the vector of optimal i coordinates as follows

(A∗, ω∗, ϕ∗, c∗) = arg min
A,ω,ϕ,c

||ibest − f(j)||22 (2.22)

where A∗, ω∗, ϕ∗, c∗ are the optimal sinusoid parameters. In the end, we get
the set of detected features F ⊆ Rjmax and we say that CVML maps the input
borehole image to a multi-dimensional real vector space corresponding to the set
of automatically detected geological features in the image:

CVML : I → FCVML (2.23)

One keynote about the described CVML methodology is the need to manually set
parameters, such as the α coefficient (related to the thresholds) and the search
length H that defines the scale of the analysis.

2.2.3 Deep learning
Deep learning is a field of AI that uses parametric models as deep neural networks
(DNN) to perform sequential operations on data and eventually find a useful
representation of them for our purposes (LeCun et al., 2015). The process of
learning refers to the optimization problem these networks are carrying out to
approximate the function ε : Rd → R given ε

ȳm = ε(xm) (2.24)
where ȳm and xm are the mth output and input data, respectively. In supervised
learning, we then use deep networks to compute the output ε(m+1) related to the
m + 1th input xm+1 not by explicit knowledge of the function ε, but using the
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m = 1, 2, ... input-output data pairs. This is done through the computation of
minimizers of the function, known as loss functions, that compares the output
ȳm with the real output ym (also known as ground truth). Specifically, a loss
function L : R × R → R≥⊬ can quantify how good or bad a NN is based on its
prediction and the target output or ’ground truth’(these inputs need to be of the
same dimension). A loss function compares these two inputs and maps them to
a non-negative real number using some kind of operation.
In order to do this, the NN, as hierarchical parametric models, apply sequen-
tial linear transformations to the input data, followed by a so-called activation
function which introduces non-linearity in the process. The linear transforma-
tions are performed at each kth layer of a network with depth d using the matrix
W k ∈ Rdk−1×dk . The transformation is applied on the output of the k − 1 layer
Xk−1 ∈ RN×dk−1 to get the output of the kth layer Xk ∈ RN×dk , given by Xk−1W

k

. N is the number of training examples stored in the input dataset X ∈ RN×D

(e.g., N digital images, or a dataset of N sampling of D random variables).
For instance, in our problem the input data for our DNN are low-resolution LWD
borehole images I, so we say that

FDL = ε(I) (2.25)

Let FDL denote the set of sinusoids corresponding to approximately planar geo-
logical features observed in the borehole image as in 2.23. This prompts several
considerations. First, we address the problem as a regression task. Specifically,
we do not apply DL to classify the detected geological features by their geologi-
cal meaning in the subsurface. Instead, we aim to automatically retrieve planar
approximations of these features by estimating the x- and y-coordinates of their
associated sinusoids. Second, in real-world scenarios, the number of geological fea-
tures we expect to retrieve within a specific region is random and sparse (Gupta
et al., 2019), which is one of the main limitations of the supervised learning ap-
proach for this problem. Those two points pose challenges for our supervised
approach, regarding dataset construction and training.
For dataset construction, we need to address the question: How can we build a
dataset that accounts for variability in the number of geological features within
borehole images?
For the training phase, we must determine how to train the network to predict
varying numbers of sinusoids across different examples of borehole images. We
construct the training dataset using a synthetic data generator (section 2.2.1).
Within the training dataset, the number of edges in the input images ranges from
0 to 3, prompting corresponding adjustments in target predictions, represented
as a set of three zero-initialized vectors. For example, in instances where a single
edge is present (nint = 1), the target comprises two zero-initialized vectors and
one vector containing the sinusoidal coordinates of the edge. When two edges are
present (nint = 2), the target includes one zero-initialized vector and two vectors
with sinusoidal coordinates corresponding to each edge, and so on.
This design choice effectively navigates the challenge of fluctuating edge counts.
By structuring the output to accommodate variable edge numbers, the model
overcomes the constraints of fixed-size output arrays, allowing it to adapt flexibly
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and predict coordinates for different numbers of edges. This approach enhances
the model’s versatility.
Let the set of sinusoid FDLm for the mth borehole image example Im be defined
as

FDLm = {fi | i ≤ nint}, with fi ∈ R1,D, ∀i ≤ nint, (2.26)

For our specific problem an example of objective function to be optimized (min-
imized) is given by the well known Mean Squared Error (MSE), defined as

LMSE = 1
M

[
M∑

m=1
|ε(Im) − FDLm|2 (2.27)

which is an adaptation of the L2 norm normalized with respect to the dataset
size.
Another key aspect of deep learning is backpropagation. This algorithm is used
during training to minimize the error in eq. 2.27 between the neural network
output and the target and to effectively carry out the optimization procedure.
In other words, backpropagation is the part of the training procedure where we
optimize the loss function by updating the neural network parameters (weights).
It is done calculating the gradient of the loss function with respect to any weight
in the network, using the chain rule to propagate the error from the output to
the input layer. Let’s define ym as the ground truth and a[L+1] as the activation
function in the output layer, where L is the total number of hidden layers. To
explain the backpropagation idea we calculate δL+1 as

δ[L+1] = a[L+1] − ym (2.28)

For each layer l down to the input layer δ[l] is

δ[l] = (W l+1δl+1) ⊙ σ′(z[l]) (2.29)

where σ
′(z[l]) is the derivative function of the activation function at layer l and

z[l] is the linear combination of inputs for a particular layer l as it is calculated
using the activation function of the previous layer, as follows

z[l] = W [l]a[l−1] + b[l] (2.30)

with b being the bias term of layer l.
We can now calculate the gradient of the weights of each layer l as

∆W [l] = aT
[l−1]δ

l (2.31)

which becomes
∆W [1] = xT δl (2.32)

for the input layer, with x being the input. Contrarily, the δ[l] for the output
layer is calculate as the dot product between the activation functions in the layer
preceding the output layer and difference between the activation functions in the
layer and the output y.
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The weight gradient is used to update the weights of each hidden layer during
the training process as follows

W [l] = −α∆W [l] + W [l] (2.33)

where α is a learning parameter called step length which determines the degree
of the adjustments during learning. A small α will result in small adjustments,
and viceversa. Note in eq. 2.33 that the update of the weights is done in the
opposite direction with respect to the weight gradient and this is the so-called
gradient descent. This essentially determines the adjustments of weight matrices
to follow the same directions of loss reduction.
As explained above, in order to avoid extremely complicated complicated archi-
tectures to deal with the possible fluctuating number of edge counts in borehole
images, we designed the training dataset to have up to 3 zero-initialized vectors
per image, representing the 3 possible edges at the observation scale. The eq.
2.27 thus becomes

L = 1
M

[
M∑

m=1

3∑
j=1

|ijm − fjm|2 (2.34)

which is backpropagated troughout all the layers of the network in combination
with gradient descent for our optimization problem. We can notice straight away
that the choice of the activation function and the loss function to use have a fun-
damental impact on the optimization process, and this determines the importance
of backpropagation for deep learning models. However, this is not the only impor-
tant component. Weight initialization is also very important in neural networks
design. The initial points can determine whether the optimization algorithm is
able to converge and shows a stable behavior. Normally, weight matrix initial-
ization is done by drawing randomly from Gaussian or uniform distributions, but
the initialization choice can be customized according to the particular problem
we are facing. For instance, let’s build a simple neural network to demonstrate
the feasibility of our experiment and the impact of various activation functions
and weight initialization on the optimization of our specific problem. The archi-
tecture of the network consisted of four layers: an input layer, two hidden layers,
and an output layer. The input to the network was a flattened representation of
the generated matrix, while the output was expected to replicate the sinusoidal
pattern present in the original matrix. The weights for each layer were initialized
using both a random sampling from Gaussian distribution and a customized sinu-
soidal initialization, and we combined these initial values with a ReLu activation
function and a sine-based activation functions to compare the results. Training
was conducted using backpropagation with gradient descent, with a learning rate
of 0.01 to balance between stability and learning speed. Mean Squared Error
(MSE) (see eq. 2.27) was employed as the loss function to quantify the deviation
between predicted and true sinusoidal patterns. Fig. 2.6-2.7 show the results for
a random weight initialization. Fig. 2.6 refers to the NN trained with the ReLu
activation function, whereas Fig. 2.7 to the NN trained with a customized sinu-
soidal activation function. We can observe how this design strategy can benefit
the training process and the final results of this simple demonstrative NN.
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Figure 2.6: Random weight initialization and ReLu activation function

Figure 2.7: Random weight initialization and sine activation function

The same activation functions comparison was done for the sinusoidal weights
initialization and the results are shown in Fig. 2.8-2.9, for the ReLu and the
sinusoidal activation functions respectively. We can observe from the figure that
the combination of the sinusoidal weights initialization we could achieve the best
results, for the same number of iterations (epochs). However, the impact of the
initial weights distribution appears to affect the final results to a less extent,
with respect to the activation function. Fig. 2.7 and 2.8 refer to the sinusoidal
activation function combined with a random and a sinusoidal weight initialization
function, and both show a faster convergence with respect to the ReLu.
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Figure 2.8: Sine weight initialization and ReLu activation function

Figure 2.9: Sine weight initialization and sine activation function

This demonstrative supervised-learning example using a simple neural network
(NN) was designed to introduce the fundamental concepts behind the learning
process and showcase the applicability of a regression framework for automated
feature analysis in borehole images. However, our DL approach is more complex
than the NN used in this example, which is a Fully Connected Neural Network
(FCNN). An FCNN consists of a series of layers where all weights are mutu-
ally connected. We chose the FCNN for demonstration purposes because it is
a broadly applicable type of NN, as it makes no specific assumptions about the
input. However, this generality also makes FCNNs less effective than specialized
NNs that are tailored to specific input structures. For instance, Convolutional
Neural Networks (CNNs) are designed specifically for image data. They leverage
the assumption that input data are images by applying convolutional operations
using sliding filters (kernels) of arbitrary sizes across the image.
In our actual DL system, we rely more on CNNs, Picknet , than FCNNs, Fitnet.
Additionally, the task-specific design choices for the DL system differ significantly
due to the use of specialized architectures. The DL method described in the
following sections involves two distinct deep neural networks (DNNs) designed
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to emulate the human cognitive process during the interpretation of BHI. These
architectures are tailored to enhance performance on the specific challenges posed
by BHI analysis.

Picknet: a U-Net architecture

Binary segmentation can be very effectively performed by a U-Net (Ronneberger
et al., 2015). This is a symmetric architecture (Fig. 2.10) corresponding to a
down-sampling and up-sampling path.

Figure 2.10: Picknet is a U-Net architecture for 2D image processing. The input
image passes through convolutional and max-pooling layers for feature extraction,
followed by up-convolutional layers to reconstruct spatial details. The concate-
nations (also known as skip-connections) combine high-resolution features from
the encoder with decoder layers, and a final dense softmax layer generates the
output classification map.

The down-sampling path consists of three layers of 3x3 convolutions followed by
a rectified linear unit activation function (ReLu) and a 2x1 max pooling with a
stride of 2, to keep the information related to each channel in the datum. At each
down-sampling step, we double the number of feature maps, and because of this,
the system can extract the local information from a specific input to proceed with
binary segmentation. In the expansion path, each step consists of up-sampling
the feature maps, followed by a convolution that halves the number of feature
maps, and finally a concatenation between the deconvolution and the feature
map of the corresponding down-sampling stage. Over the final feature map, we
compute a pixel-wise softmax combined with the categorical cross-entropy loss
function (Mannor et al., 2005)
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loss =
C∑

i=0
tilog(si) (2.35)

where C = 2 is the number of classes, t is the expected class and s is the network
score for each class among the C.
Finally, a 1x1 convolution, followed by a linear activation function, is used to map
the features to the corresponding classes. We used the U-Net with Tensorflow,
a CUDA-compatible implementation (Abadi et al., 2016). As an optimizer, we
used Adam, i.e., a method for stochastic optimization of a parametrized objec-
tive function, with little memory requirements thanks to the fact that it only
requires first-order gradients (Kingma and Ba, 2017). The curriculum learning
(CL) (Bengio et al., 2009) strategy consists of two training steps of the net: a
pre-training and a fine-tuning step. Pre-training is done by assigning a simplified
training set, composed of synthetic LWD image logs. Then, the fine-tuning stage
was done on more complex training examples. The standard learning strategy,
on the contrary, does not require this sorting of training instances according to
complexity. The distinction between the training instances is discussed in sec-
tion 2.2.4 and 2.2.5. We distinguish the network trained with the CL strategy
from the same architecture with standard training, hereinafter referred to as CL-
PickNet and SL-PickNet, respectively. SL-PickNet was trained for 200 epochs,
with a learning rate of 0.01, on the 80% of the 1 million synthetic images origi-
nal training set, whereas the remaining 20% was used as a test set. CL-PickNet
was pre-trained for 200 epochs on 80% of the original training set, followed by
10 epochs of fine-tuning on 50000 complex synthetic images. In our method, we
propose to use the Picknet segmentation maps as input to automatically fit the
sinusoids corresponding to the segmented edges in the panel. This is the main
reason behind the introduction of the curricolar approach. As this whole method
is thought to hopefully become a semi-automated BHI analysis tool, we wanted
to observe possible impactful differences in the final results for different training
strategies.

Fitnet:CNN, Fully-connected layers and dropout

The FCNN architecture, hereinafter referred to as FitNet, was designed to per-
form the sinusoidal fitting of the segmented edges. It was trained using the binary
masks of our synthetic dataset and the set of sinusoids corresponding to the si-
nusoidal regression of the edges in the images as input and output, respectively
(see section 2.2.1). Precisely, the output of FitNet corresponds to the depth co-
ordinates of the points in each sinusoid. Within the training dataset, the range
of edges in the input images varies from 0 to 3, prompting corresponding adjust-
ments in target predictions, which correspond to a set of three zero-initialized
vectors. As an example, in instances where a singular edge is present, the corre-
sponding target comprises two zero-initialized vectors and one vector housing the
sinusoidal coordinates linked to the solitary edge. When two edges are present,
the corresponding target comprises one zero-initialized vector and two vectors
housing the sinusoidal coordinates linked to the two edges.
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This intentional design choice was made to effectively navigate the challenge of
accommodating fluctuating edge counts. By doing so, the model circumvents
the intricacies associated with training a network constrained by a fixed size for
output arrays. The inherent adaptability in predicting coordinates for a dynamic
number of edges underscores the model’s versatility and its ability to perform
optimally across diverse scenarios.
The network architecture includes two 3x3 convolutional layers and a final dense
layer (Fig. 2.11, all followed by a ReLu activation function (Agarap, 2019)) and
initially combined with a Mean Squared Error loss function defined as

MSEloss = 1
N

N∑
i=0

(ytrue − ypred)2 (2.36)

where N is the number of predictions, ytrue and ypred are the expected and pre-
dicted value of the output, respectively.

Figure 2.11: Fitnet is a neural network architecture designed for sequence-to-
sequence modeling of 2D spatial data. The input is a 2D segmentation map passed
through multiple convolutional layers with 3x3 kernels and ReLU activations. The
final feature map is reshaped and processed by a fully connected layer with 48
softmax outputs. The final reshaped output is interpreted as a 2D representation
of predicted features.

Each convolutional layer is followed by a dropout layer, int he spirit of the Monte-
Carlo Dropout (MCD) methodology (Gal and Ghahramani, 2016). Monte Carlo
(MC) dropout is a technique used in deep learning, to estimate model uncertainty.
It works by applying dropout (i.e., a regularization method that randomly drops
out neurons during training) at both training and inference. Normally, dropout is
disabled during inference, but in MC dropout, multiple stochastic forward passes
are performed with dropout enabled. We considered MCD as an efficient way
to estimate the uncertainty of the predicted features, in the hope of extracting
valuable geological information at the feature level.
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Figure 2.12: Fitnet integrating a self-attention block (green square).

As previously mentioned, the supervised learning paradigm for the problem of
automated detection can be problematic, especially for problems related to the
sparcity of geological features in BHI (Gupta et al., 2019). It is well known,
that machine and deep learning system benefit task-oriented optimization designs
(Sun, 2019), even allowing for the formulation of customized solutions (Rani et al.,
2022; Zeng et al., 2017; Huang et al., 2020). During training, for reasons that will
be later explained along with the results description in section 2.3, we noticed
some task-specific design issues, which we heuristically addressed step by step
during the analysis of results of both synthetic and field data. One of the key
design choices we made, was the introduction of a self-attention block after the
last convolutional layer (Fig. 2.12 and 2.13). This mechanism is also inspired
by the focued attention observed in humans during their most common cognitive
activities (Corbetta and Shulman, 2002; Rensink, 2000), where they conscously
steer their attention towards specific objects during a task. The self-attention
block receives the input from the last convolutional layer in the network, right
before the fully connected part (see Fig. 2.11). This input source data of the
attention block is called key and compute also a query, which is a representation
vector of each element in the input at a time. These two are then combined in a
multiplicative way (multiplicative attention), using the dot-product (Luong, 2015)
and a sigmoid activation function that reflects the queries relevance with respect
to the keys. Simply, the self-attention block (Brauwers and Frasincar, 2021; Yang
et al., 2022; Niu et al., 2021; Hafiz et al., 2021) is added to make Fitnet focus
on the relevant parts of its input (i.e., the Picknet segmentation maps) to fit the
features.
FitNet was implemented using Tensorflow and trained for 200 epochs, with Adam
as an optimizer and a learning rate of 0.01, on 80% of the original training set.

2.2.4 NN Sensitivity
We investigate the sensitivity of both the segmentation and curve fitting networks.
By adjusting the tunable parameters that influence the quality and representa-
tiveness of synthetic data, we observe how these changes affect network errors.
This allows us to make informed considerations about the design of the training
process and the data used. In fact, whenever the networks exhibit an increasing
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Figure 2.13: Illustration of the self-attention mechanism. The input consists of
query, key, and value vectors derived from the input data. The query and key
vectors are combined using a dot product, scaled, and passed through a softmax
function to calculate attention weights. These weights are then used to weight
the value vectors, producing a context-aware output that captures relationships
between the input elements.

error due to specific variations in the parameters, it indicates that the complexity
of the training examples has been elevated by these changes. For instance, we
observe a rise in error as the number of interfaces or the amount of shift increases,
particularly in the case of the segmentation network (see Fig. 2.14). This sug-
gests that by having control over the synthetic data, we can begin to consider
leveraging the complexity of training examples as part of the training strategy.
This opens up the possibility of tailoring the difficulty of the data to optimize
network performance. The sinusoidal shift magnitude defines the amplitude of
the sinusoid within the panel, which affects the networks’ ability to detect high
dip magnitude features in real data. As shown in Fig. 5, the Fitnet error actually
decreases as the maximum shift of the edges increases. This is likely because, due
to weight initialization, the gradient descent function finds it easier to converge
with higher maximum shifts. This suggests that, unlike the deterministic ap-
proach described in Section 2.2.2, the automated detection of features with high
apparent dip magnitudes could potentially yield better results.
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Figure 2.14: PickNet categorical cross-entropy and Fitnet MSE for the different
number of interfaces of the synthetic examples.
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Figure 2.15: PickNet categorical cross-entropy and Fitnet MSE for the different
sinuosidal shift in the synthetic examples.

On the contrary, Picknet exhibits the opposite behavior. The categorical cross-
entropy loss increases as the maximum shift grows. Similarly to the increasing
number of interfaces, in Fig. 2.15 we observe that training examples featuring
high apparent dip magnitudes are particularly challenging for the segmentation
network. This suggests that such examples introduce greater complexity.

The suitability of the U-Net architecture for automating the analysis of low-
resolution images, such as LWD borehole images, is demonstrated by the behavior
shown in Fig. 6. In this figure, PickNet exhibits consistent loss function trends,
with the exception of the lowest noise level, where the function appears smoother.
This highlights the architecture’s effectiveness even with noisy, low-resolution
data.
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Figure 2.16: PickNet categorical cross-entropy and Fitnet MSE for the different
noise levels in the synthetic examples.
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Figure 2.17: PickNet categorical cross-entropy and Fitnet MSE for the different
edge irregularities in the synthetic examples.

An additional control parameter for data complexity in neural network architec-
tures is the noise added to the sinusoidal pattern described by the edges. To
ensure the training dataset is representative, the features in the image must ap-
pear realistic. Since the sinusoidal pattern approximates a 2D representation of
a real geological contrast, it’s highly likely that in practice, the sinusoidal pat-
terns observed in borehole images do not manifest as perfect sinusoids, but rather
exhibit some degree of irregularity. We control this irregularity by introducing
noise to the edge sinusoidal pattern, where the noise level is defined by a param-
eter we set. The roughness is simulated by randomly sampling a float between
0 and this predefined noise level, ensuring that the perturbations to the pattern
reflect the natural variability of the geological structures.As shown in Fig. 2.17,
the introduced irregularity impacts the neural network optimization performance,
highlighting the suitability of this parameter as a control measure for data com-
plexity. However, it is evident that the noise parameter influences Picknet and
Fitnet in distinct ways, even though both networks exhibit an increasing trend
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in the final loss function as the noise level increases. This suggests that while
the noise parameter effectively controls complexity, its effect on different archi-
tectures may vary, necessitating careful tuning for optimal performance in each
case.

2.2.5 Training strategies
The concept of deep learning (DL) is inherently inspired by the nature of the hu-
man brain, and certain training strategies for neural networks (NNs) mirror how
humans learn. One such strategy is curriculum learning (CL), which involves
a pre-defined order of learning steps, each associated with a different level of
complexity (Bengio et al., 2009; Soviany et al., 2022). This approach has proven
highly effective in enhancing generalization and improving the rate of convergence
across various models, including those in computer vision (Wang et al., 2022b). As
discussed earlier, our DL-based method employs a supervised learning approach
using meter-scale examples of synthetic LWD borehole images. Sections 2.2.1
and 2.2.4 introduced the synthetic data generation algorithm and examined the
sensitivity of the two NN architectures that form the basis of our method. In the
latter, we analyzed how NN errors varied with changes in the control parameters
of the synthetic data generation, yielding valuable insights into data complexity.
This control over complexity serves as the foundation for implementing a curricu-
lum learning strategy. We compare the performance of Picknet and Fitnet under
standard learning (SL) practices—without complexity selection—and curriculum
learning (CL). Since Picknet’s segmentation map is used as input for Fitnet to ex-
tract sinusoidal features, this comparison allows us to visually and quantitatively
evaluate how segmentation maps produced through SL and CL impact Fitnet’s
results. Given that the overarching aim of this approach is to develop a tool to
assist human operators with this challenging task effectively, we believe offering
alternative configurations of the same DL solutions is essential for a thorough un-
derstanding of their benefits and limitations. For example, Andrews et al. (2019)
found that, in tasks involving fracture analysis in high-resolution data, working in
groups was generally beneficial for reducing task-related uncertainty. Specifically,
more detail-oriented individuals often influenced less detail-oriented colleagues,
improving overall group performance. These findings underscore the importance
of diverse perspectives in uncertain tasks. Our tool, however, focuses on the
interaction between a human operator and the machine to complete the task effi-
ciently. Drawing inspiration from studies such as Andrews et al. (2019); Shipley
et al. (2013); Shipton et al. (2020); Bond et al. (2007), we pose key questions:
Can the same NN architecture, trained using different strategies, effectively assist
the human operator? To what extent? What level of detail do these strategies
provide? The dynamics of human-machine interaction, including their respective
errors, are vital concepts to explore, even in more ordinary cognitive tasks such
as object recognition in everyday images (Liu et al., 2023). We propose that, to
some extent, diversifying data and assistance methods for the same task could be
analogous to placing an individual in a heterogeneous group of interpreters with
varying expertise and cognitive styles. Ultimately, future studies could investigate
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Figure 2.18: Scheme of the proposed semiautomation workflow.

operator uncertainty with and without machine support across various configu-
rations of the same machine. Such studies could provide deeper insights into how
humans conduct fracture analysis on low-resolution data and how machine-aided
approaches influence their performance and confidence.

2.2.6 Human-Machine collaboration
We conceptualize the problem as a semi-automation one. In this framework,
machine predictions are not considered definitive but are subject to human val-
idation (Fig. 2.18), with the aim of maximizing the accuracy of final results. If
we assume an individual working alone on an interpretation task, providing assis-
tance via predictions from different training strategies can be seen as analogous
to integrating the individual into a team comprising two entities with distinct
cognitive styles: SL-PickNet and CL-PickNet.
To address this, we developed a framework for post-hoc validation of FitNet
predictions, leveraging segmentation maps from SL-PickNet and CL-PickNet on
real-world data. An example of this approach is discussed in the results section.
However, we believe that a more comprehensive study requires access to addi-
tional data and the organization of a workshop-style event to collect insights from
multiple individuals. In this regard, we believe that the DL-methods have already
demonstrated a high potential in assisting humans with their inherently uncertain
interpretive task. As previously discussed, for a great part of the subjectivity-
related problems several options and approaches have already been proposed in
literature for the same task (e.g., all the fracture analysis methods described in
section 2.1.2), but little has been done in evaluating how the various machine
alternatives impact the work of academic and industry expert both individually
and in groups. In section 2.3.5, we report some preliminary results of human
and machine analysis for comparison purposes, based on the results of manual
analysis and of the post-hoc validation. To do so, we created a window-wise
manual analysis framework that enabled us to have equivalent settings for the
manual and semi-automated BHI analysis. As indicated by the results, this could
represent a possible way to identify mechanisms involved in the two approaches
to get the final results and gain insights on the human and machine perceptions
of the same input. For this preliminary results (Fig. 2.66 to 2.68, we followed
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the following steps:

1. manual analysis on sample-wise shifted windows of the original BHI, and for
each picked feature we store the window index in which it was correlated,
its amplitude and average depth position.

2. post-hoc validation keeping track of the window index, amplitude and mean
depth position of each validated feature.

3. calculate center of mass and focal entropy for each input window

4. identify nodes and branches of the resulting fracture set

5. visualize and compare feature depth positions, window index, input center
of mass and entropy, spatial distribution of topological elements

To preliminary evaluate the potential of fine-tuning the original NN using the
validated features, we kept the NN training active for 1 epoch per each validated
feature after step 2 in the workflow described above. Then, we repeat the valida-
tion using the fine-tuned NN and observe the differences (Fig. 2.66 and 2.68) in
the experimental results.

2.2.7 Scalability test
As introduced earlier in this section, adapting our method for FMI data required
designing an approach to fit the data into the NN’s required input size. To
achieve this, we implemented a straightforward method based on downsampling
FMI windows of arbitrary size, feeding the resampled images to the NNs, and
then restoring the images to their original dimensions. This process, however,
comes with a significant trade-off—an extreme loss of resolution (approximately
98%), degrading the image from a resolution of about ≈ 5 mm to ≈ 5 cm. For
the Conoco Phillips open dataset, we used interpretations provided by company
experts as comparison terms to evaluate how well the predictions aligned with
human intent. However, previous studies on human uncertainty during fracture
analysis (e.g., (Andrews et al., 2019; Scheiber et al., 2015)) suggest that experience
is not necessarily a reliable indicator of the quality or detail of interpretation
results. While quantitative measures of mismatch between predictions and human
interpretations are valuable for assessing the accuracy of automated analysis, they
are insufficient to assert that this tool effectively reduces operator uncertainty in
this task. Regarding the scalability of the CVML method, we conducted tests on
an interval of FMI data from the Netherlands. Despite predictable methodological
limitations—such as the blank stripes commonly present in high-resolution FMI
data due to the tool’s configuration—CVML faced challenges. These blank strips
are detected as significant edges by the CVML algorithm, leading to inaccuracies.
Furthermore, CVML exhibited an increase in computational time when applied
to FMI data, further undermining its practicality and scalability for such high-
resolution datasets.
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2.3 Results
In this section, we will analyze and discuss the outcomes of our methodologies.
First, we will examine the results obtained using the CVML methodology pre-
sented in Section 2.3.1, highlighting its key findings and performance metrics.
Next, we will focus on the results of the DL-based methodology described in
Section 2.2.3, evaluating its effectiveness and potential.

2.3.1 CVML results
As explained in section , the CVML method maps any borehole image to a
set of sinusoids automatically analyzed as geological surfaces, by means of a
combination of the Sobel and the DTW methods. The sinusoids are found as
the sine-curve least-squares fitting of the sets of points related to each edge. This
relation is based on maximum similarity calculated with DTW. In order to do this,
we then need to define an initial set of points locations for the dynamic calculation
of similarity. This set of points includes all the points in the image where the
sobel gradient value ecceeds an arbitrary user-defined threshold, as explained in
eq 2.16. This implies that the final set of features FCVML (eq. 2.23) varies,
according to the threshold we define. It is intuitive to anticipate a reduction
in the number of initial points used for similarity calculations as the threshold
increases. Higher thresholds impose stricter criteria for similarity, leading to the
exclusion of points that do not meet these more stringent conditions. This results
in a smaller set of initial points qualifying for further analysis. We also calculate
a confidence measure for each feature in FCVML as the percentage of Sobel values
having the same sign along the trajectory described by the feature coordinates.
The main goal of this confidence estimation is to capture some information related
to the reliability of each automatically detected feature. Since the Sobel method
essentially computes a 2D derivative of the image, the consistency of the Sobel
values along the feature trajectory can describe the coherency of the feature in the
image, which may reflect the sharpness of the edge approximated by the feature.
If this is true, for higher values of the α value defining the threshold T (eq. 2.15)
the mean confidence in FCVML should also increase. We test these concepts on
the LWD field dataset introduced at the beginning of this section. Figure 2.19a
shows how confidence changes over threshold for all the borehole images in the
dataset. We can observe a general increasing of the mean confidence values within
the CVML set of features FCVML for α going from 0.3 to 0.7. All the data show
a higher mean confidence for α = 0.7. However, the confidence doesn’t grow at
the same rate for all the LWD BHI and in one case (LWD3), it even shows a
slight reduction in the range of α going from 0.4 to 0.6.
The size of the FCVML set exhibits a significant reduction for higher thresholds,
as expected (Fig. 2.19b). The curve number exhibits a power-law relationship
with the threshold T across all datasets and demonstrates varying sensitivity to
changes in the threshold. This sensitivity is reflected in the estimated slope from
the bilogarithmic plot of the number of curves and the thresholds (Fig 2.19c-
d). The power-law relationship reveals an underlying self-similar and hierarchical
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structure in the CVML feature set with respect to the threshold T, which acts as
a refinement parameter. This implies that the feature set associated with lower
thresholds includes those from higher thresholds, highlighting the capability of
the CVML algorithm to effectively capture the underlying geometrical processes
governing the BHI. (Fig. 2.20). The threshold, therefore, appears as a very
important parameter in the CVML algorithm, defining the level of structural
detail of the outcome. To better understand its effects on the final CVML results,
we computed a measure of spatial overlap across the thresholds for each dataset,
as a measure of spatial sensitivity. We found a very high overlap for all the
datasets, showing values that are approximately equal to 1 (Fig.2.22). A high
spatial overlap may reinforce the self-similar feature set hypothesis, confirming
that the spatial positions of the feature does remain approximately constant as
T changes. This also implies that the refinement process, driven by T, filters
the features in F based on certain implicit properties of the features, rather than
their spatial arrangement.

Figure 2.19: The figure shows a) the confidence calculated using the sobel map
increasing over thresholds and b) the number of curves in the set F dramatically
changing over thresholds, as the results of a smaller number of points in the set
P’ (eq. 2.20).
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[a]

[b]

Figure 2.20: The dynamics of the F set as the T value changes for different values
of α. (a) LWD1. (b) LWD3.
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[a]

[b]

Figure 2.21: The dynamics of the F set as the T value changes for different values
of α.(a) LWD4, (b) LWD5.

In this regards, we analyze the distribution of BHI values above and below each
CVML predicted feature as an initial approach to understanding the implicit
feature properties governing the threshold-based refinement process. By calcu-
lating the difference (|∆ρ|) in the mean borehole image values across these fea-
tures and averaging the results over the entire curve, we can observe how this
parameter changes with varying thresholds. This parameter is intended to quan-
tify the difference in petrophysical properties within the sub-intervals divided by
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the CVML features. We hypothesize that this difference provides a quantitative
representation of the geological class associated with the feature, with features
corresponding to bedding planes acting as boundaries between intervals with dis-
tinct petrophysical characteristics. In our dataset, we observe that |∆ρ| generally
increases with the threshold, except in the case of the LWD3 dataset (Fig. 2.23).
This confirms that the T-base refinement procedure in the CVML algorithm can
provide a mapping function of the original LWD borehole image I (eq. 2.23) with
several levels of structural analysis detail and that the importance of the contrasts
associated with the features set F progressively grows as α, and consequently T,
grows.

Figure 2.22: Spatial overlap of the curves in the set F across thresholds. The high
spatial overlap denotes a refinement process capturing some intrinsic features
properties, rather than the spatial distribution.
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Figure 2.23: |∆ρ| as a function of α across the dataset. The figure demon-
states that for higher thresholds the CVML algorithm is progressively focusing
on the clearly represented features in the borehole image, normally associated
with strong petrophisical changes in the interval.

In general, we can state that the performance of the CVML algorithm varies
sensibly with the threshold, as does the computational time (Fig. 2.24). Across
datasets, computational time decreases non-linearly as the threshold increases,
with diminishing returns at higher values. LWD1 demonstrates a sharp decline,
stabilizing at lower computational times as the threshold rises, while LWD3 con-
sistently achieves the lowest times overall. Conversely, LWD4 exhibits the highest
computational times, even at higher thresholds, reflecting some dependence on
the borehole image log length. These observations highlights the algorithm’s
sensitivity to dataset characteristics and the need of a trade-off between com-
putational cost and threshold values for real-time application purposes. Table
2.1 summarizes the computational time on a Lenovo Ideapad Gaming 3 machine,
along with the threshold value for different α values (eq. 2.15) and the size, i.e.,
the number of points in P′ (eq 2.20).
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Figure 2.24: Computational time as a function of threshold values (alpha) for
four datasets (LWD1, LWD3, LWD4, LWD5). The plot highlights the non-linear
decrease in computational time as the threshold increases, with distinct behaviors
for each dataset.

Well time [s] α x 100 depth [m]
T/size 30% 40% 50% 60% 70%
LWD1 1394,39s 561,61s 204,60s 72,64s 30,59s 728m
T value 109,71 148,28 182,86 219,43 256,0
P’ size 41725 17711 6796 2422 773
LWD3 694,86s 246,62s 69,61s 12,60s 4,83s 634m
T value 109,91 145,35 181,70 218,04 254,37
P’ size 37116 7981 2406 588 139
LWD4 3069,00 s 1800,60 s 621,00s 128,42s 42,00s 783m
T value 99,63 132,84 166,06 199,27 232,48
P’ size 36955 13945 4653 1317 319
LWD5 3742,24 s 1414,82 s 690,63s 90,64s 331,21s 765m
T value 107.14 142.86 178.57 214.29 250.01
P’ size 41154 16933 6130 1929 562

Table 2.1: Summary of CVML performances for LWD field dataset, considering
several alpha values. Each row in the table refers to a borehole in the LWD
dataset. For each borehole the table shows the computational time in seconds,
the threshold value and the number of points in P’ that will be used to retrieve
the set of curves F.
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2.3.2 DL results

U-Net segmentation results

We analyze the results of the LWD borehole images U-Net segmentation on a
batch of synthetic test examples (Tab. 2.2) and, successively, on the field dataset
introduced at the beginning of the Results section. Specifically, our segmentation
problem consists of a pixel-wise binary classification according to the probability
of the pixel belonging to an edge. Considering the borehole images measurement
and analysis principles, the edges are associated with approximately sinusoidal
patterns representing the dipping geological surfaces. Additionally, this is an
unbalanced binary segmentation problem, since the maximum number of non-
zero pixels in a 320 pixels training example is 48, given how we structured our
synthetic data (section 2.2.1). To overcome the class imbalance we applied a
sample weighting function to the synthetic test dataset used for evaluation as in
eq. 2.37, so that the weight of each sample corresponds to the reciprocal of its
class frequency in the training example.

wn,c = 1
C

(2.37)

where C is the class frequency. For both the trained versions of the U-Net,
the training time is largely unaffected at approximately 109s for a test synthetic
dataset with 210000 instances (Tab.2.2). Note that 210000 examples would vir-
tually correspond to a total of 210 km of borehole images, which makes the exe-
cution time of this evaluation procedure extremely low, compared to the CVML
execution times (see Tab. 2.1).

Model Metrics
Cross Entropy Accuracy Time

No Pixel Weight SL 0.2209 0.9592 107s
CL 0.2046 0.9474 108s

Pixel Weight SL 0.0067 0.8778 109s
CL 0.0074 0.7689 109s

Table 2.2: Comparison of metrics with and without sample weight for SL and CL
models on 210k synthetic test instances.

The accuracy for both the standard (SL) and the curriculum (CL) learning U-Nets
decreases with the pixel weighting function active during evaluation. The accu-
racy for the SL and CL U-Nets without pixel weighting is very similar at 0,9592
and 0,9474, respectively, whereas the scenario with pixel weighting is associated
with larger accuracy differences of the values but sharply lower cross-entropy (see
Tab. 2.2 and Fig. 2.25).
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Figure 2.25: Loss functions of SL-Picknet (black) and CL-Picknet (red).

Figures 2.26 and 2.27 show the segmentation results for three different levels
of complexity in the test set. Visually, it appears clear that the CL-Picknet
exhibits a different behavior compared to its SL counterpart. In particular, it’s
clear from the predicted segmentation maps that SL-Picknet is more focused on
the location of the actual edge compared to the CL counterpart. Moreover, in
the synthetic examples where no edges were present, SL-Picknet predicts a weak
background noise compared to the higher background noise and curved shapes
in the CL-Picknet maps. This explains the lower overall accuracy of the latter.
However, considering the most complex synthetic example with two edges, one
may conclude that the CL-Picknet segmentation map represent a better result,
and the the lower performance level may be due to a greater false positive rate, i.e.,
the misclassification of zero-valued pixels as positive classes. This demonstrates
a higher sensitivity towards the edge class, which, may be a preferable solution in
our real-time application problem. The observable differences in the segmentation
maps are expected to impact the Fitnet network performance, during the fitting
of sinusoids for each segmented edge. For example, SL-Picknet focuses primarily
on the most prominent edges in the segmentation map. However, it tends to
under-segment more intricate edge patterns, resulting in a loss of finer structural
details. On the other hand, CL-Picknet, trained with a more complex strategy,
demonstrates superior sensitivity in capturing the intricacies of edge patterns,
effectively representing the complexity of the image. However, this comes at the
cost of increased higher levels of background noise in the segmentation map.
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Figure 2.26: SL-Picknet segmentation result on three synthetic examples with
increasing complexity.
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Figure 2.27: CL-Picknet segmentation result on three synthetic examples with
increasing complexity. CL-Picknet demonstrates a distinct behavior compared
to its SL counterpart. The predicted segmentation maps reveal that SL-Picknet
places more emphasis on the exact location of the geological edge, while CL-
Picknet shows a broader focus. Where no edges are present, SL-Picknet predicts
a faint background noise, whereas CL-Picknet displays more pronounced back-
ground noise.

We visually compare the results of both versions on the field data (Fig. 2.28
and 2.29). We see the predictions of the networks in some windows within a 2.5
meters (50 samples) of LWD BHI with strong contrasts, to better appreciate the
differences in results. Moreover, we also plot a restored segmentation map of the
same interval, that corresponds to the averages of all the prediction windows in
the considered interval. From these figures one can claim that both the Picknet
versions appear to capture the broad structure of the associated intervals and
attempt to identify various orders of detailed structures within them, since in both
cases the segmented regions in the segmentation maps tend to extend beyond the
stronger contrasts. However, CL-Picknet exhibits a much higher contrasts and
sharp transitions in the segmentation maps, that correspond to sharp variations
in the input image.
The prediction time for SL-Picknet and CL-Picknet in the LWD dataset is listed

48



Figure 2.28: SL restored segmentation maps for the LWD borehole image logs in
the field dataset

Figure 2.29: CL restored segmentation maps for the LWD borehole image logs in
the field dataset

49



in Table 2.3 and is the same for both of them.

LWD dataset
LWD1 LWD3 LWD4 LWD5

Time [s] 13s 15s 16s 15s
n windows 12684 14721 15678 15319

Table 2.3: Picknet prediction times across the LWD borehole image logs in the
field dataset.

These differences in the segmentation results are expected to affect the Fitnet
predictions in a way that may, consequently, impact the semiautomated proce-
dure. In the next section, we will describe the differences in Fitnet outcomes
using SL- and CL-Picknet results and how it could impact human decisions.

Fitnet results

In our proposed method, the 1-meter interval segmentation maps are used as
input in the Fitnet network to automatically retrieve the features planar approx-
imation associated with each segmented edge. The different behaviors of the
Picknet versions are likely to have an impact on Fitnet results, which are the
final objective of the method. Initially, Fitnet was trained on the whole batch of
training data, so that the images that were used as target in Picknet training are
now used as input, and the output is a 48-elements vectors, i.e. the reshaped set
of 3 vectors with 16 elements, consisting of depth coordinates of the sinusoidal
segmented edges in the image. This initial Fitnet version (Fitnet-S) trained using
a simple MSE loss function on the whole dataset, reveals important aspects of
this standard training strategy with respect to our optimization problem. In par-
ticular, the results lead to two considerations. First, the MSE as an optimization
metric alone, with no kind of regularization or penalty factor added to it, could
represent an ambigous parameter and be somehow misleading the optimization
problem towards a non-optimal solution, despite a sharp decreasing of the MSE
loss function over epochs during training. This may come from the MSE opti-
mization being carried out comparing all the 48 elements in the dense output
vector and the reshaped 48-shaped ground truth vectors and no information or
constrain is introduced, related to equivalence of these 48 coordinates values with
the set of 3x16 independent vectors of coordinates. Additionally, the results re-
veal that this DL-based algorithm may benefit a more sophisticated architecture
that involves the learning of the non-zero pixel positions and the output values
direct relation. With respect to this latter point, we introduced in the network
the self-attention mechanism introduced in section 2.2.3. Compared to the more
trivial counterpart, this new Fitnet version (Fitnet-S-SA) shows a more stable
convergence, but ends with a slightly greater MSE error in the final training
epoch (Fig. 2.30).
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Figure 2.30: Mean Squared Error (MSE) comparison during training for the
Standard model and the Standard model with Self-Attention (SA). The plot
illustrates the convergence of MSE over 200 epochs.

We also compared the results of this two Fitnet versions, with and without the
self-attention mechanism, on test examples with varying number of edges, to
observe the results on varying input complexity. For each test example we collect
the synthetic BHI and we perform a prediction using both SL-Picknet and CL-
Picknet. At this point we use the associated synthetic binary image to collect a
baseline prediction associated with an ideal binary output, then the actual SL-
Picknet and the CL-Picknet segmentation maps are passed through both Fitnet-
S and Fitnet-S-SA with and without the self-attention mechanism. We then
compute the Mean Absolute Error (MAE) for the predictions associated with
each input panel, and compare the results. Generally, the results are consistent
with what the loss functions (of all the Picknet and Fitnet versions described
so far) tell us. Figures 2.31a-2.33a and Figures 2.31b-2.33b show the difference
between the two versions of Fitnet-S-SA and Fitnet-S on test examples of varying
complexity. Fitnet-S is associated with a lower final loss function value, which
may appear as an indication of better performance coming from this network,
but when we visualize the results on the synthetic dataset, we realize that that
is not the case.
On the contrary, Fitnet-S appears quite naive and performs poorly even during
the baseline prediction on the ideal binary input, whereas Fitnet-S-SA shows
a drastic improvement of the baseline MAE metric. Nevertheless, the example
shown in Fig. 2.31a suggests that this enhanced Fitnet version could still be
producing sub-optimal or poor results, especially for complex synthetic images.
Morever, since this method was initially implemented to be applied for real-time
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automated analysis of low-resolution LWD BHI, the binary input might not be a
realistic input to analyze how the whole method is performing. We make Fitnet-
S and Fitnet-S-SA predict the set of features associated with the SL-Picknet
and CL-Picknet representations of the same binary input used for the baseline
prediction. When we compared the SL- and CL-Picknet results on synthetic
images (Fig. 2.26-2.27) we noticed that CL-Picknet was associated with an overall
lower performance level, but we referred this to a higher sensitivity towards the
presence of edges in the input image. We supposed that this would have an effect
on Fitnet performance. This effect is particularly interesting in Fig. 2.31 and
2.33. Fig. 2.31a and Fig. 2.33a suggest that for Fitnet-S the CL-Picknet input
could represent the best input option to maximize performances. However, the
results displayed in Fig. 2.31b and 2.33b, indicate that for an improved Fitnet
version like Fitnet-S-SA the SL-Picknet segmentation results may represent the
option that produces the closer results to the baseline prediction. This may be
caused by the fat that in SL-Picknet segmentation maps the majority of the energy
tends to concentrate on one edge at a time, whereas the CL-Picknet segmentation
map highlight noise presence, e.g. the observable scattering of activated pixels
around the main detected edge. Despite this improvement however, the MSE
still seems to be a trivial optimization choice for the challenging problem at
hand. We formulated an alternative customized loss function. In this alternative
we calculate a R3x3 cost matrix of the reshaped Fitnet output and ground truth
(from one single vector R48 to matrix R3x16). We perform an optimal assignment
algorithm that determines the rows and columns indices pairs that minimize the
total cost of the matrix. The custom loss function is defined as follows. Let
ypred ∈ RB×3×16 represent the predicted values reshaped into a batch of 3 × 16
matrices, and let ytrue ∈ RB×3×16 represent the ground truth values similarly
reshaped. For each batch i ∈ {1, . . . , B}, we compute the cost matrix Ci ∈ R3×3

such that

Ci[j, k] = ∥ypred,i[j, :] − ytrue,i[k, :]∥2,

where j, k ∈ {1, 2, 3}. Using this cost matrix, the Hungarian algorithm is applied
to find the optimal matching indices, denoted Mi = (r, c), where r and c are row
and column indices, respectively. The matching minimizes the total cost:

Mi = arg min
r,c

3∑
j=1

Ci[r[j], c[j]].

To penalize deviations in the matching, we compute the squared L2-norm of the
differences between the matched row and column indices:

Penaltyi =
3∑

j=1
(r[j] − c[j])2.

The loss for the i-th batch is then the sum of the minimal matching cost and the
penalty:
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Lossi =
3∑

j=1
Ci[r[j], c[j]] + Penaltyi.

Finally, the total loss is obtained by averaging over all batches:

Total Loss = 1
B

B∑
i=1

Lossi.

We will refer to this new Fitnet version to as Fitnet-S-SA-H. The Fitnet-S-SA-H
loss function in this case appears shifted towards higher error levels (Fig. 2.34),
but reflects the same stable behavior over epochs as Fitnet-S-SA, thanks to the
self-attention mechanism. However, the loss function may again be a misleading
parameter to derive conclusions on the performances of the three Fitnet versions
implemented so far, since the higher Fitnet-S-SA-H error level might be moti-
vated by the additional penalty factor, through which we try to compensate for
the MSE limitations. It is, therefore, necessary to proceed with a visual analysis
of the results, as shown in Fig. 2.31- 2.33. In Fig.2.33 we can now see a clear
example of how the MSE can be an ambiguous training parameter for our prob-
lem formulation, and despite a higher prediction error, the Fitnet-S-SA-H shows
better results, especially in this more complex case. Similarly to what observed
during the Fitnet-S-SA and Fitnet-S observation (Fig. 2.31-2.33), Fitnet-S-SA-H
shows that the better results can be obtained from the SL-Picknet segmentation
maps on test synthetic data, which is more similar to the binary baseline with
respect to its CL counterpart.

Figure 2.34: Loss function comparison between Fitnet-S, Fitnet-S-SA, Fitnet-S-
SA-H
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The Fitnet-S-SA and Fitnet-S-SA-H comparison highlighted two main aspects
of our proposed method performance on synthetic data. First, our approach
benefits from penalizing the MSE loss function with some parameter encoding
the information that the R48 output vector is actually to be interpreted as a R3x16

matrix consisting of three sinusoidal features in the image. Second, despite the
overall improvement, there is still a clear dependence of the prediction MAE test
error on the number of edges to be identified in the input panel. This suggested
that the whole approach can potentially be improved by considering a curriculum
learning strategy for Fitnet training as well, which involved a pre-training for 200
epochs on a larger dataset 0-edges and 1-edge examples, and a subsequent fine-
tuning for 100 epoch on a smaller dataset with 2-edges examples only. We will
refer to this new curricular Fitnet version to as Fitnet-C-SA-H and compare the
final loss function of both the pretraining and the finetuning step (Fig. 2.38).
We can clearly see in the figure that the Fitnet-C-SA-H reaches the lowest loss
function values after 200 epochs. Table 2.4 summarizes the final loss value, and
training and prediction times for all the compared Fitnet versions.

Figure 2.38: Loss functions of all the tested Fitnet options. Note that greater
error levels are not necessarily associated with worse performance on the test
examples.
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Fitnet final loss Training Time Window Prediction Time
Fitnet-S 1.657 777 s 0.0018 s

Fitnet-S-SA 1.697 939 s 0.0019 s
Fitnet-S-SA-H 5.144 11844 s 0.0021 s
Fitnet-C-SA-H 0.672 17874 s 0.0023 s

Table 2.4: Final loss value, training and window prediction time for all the tested
Fitnet options. For all the Fitnet tested alternatives, the window prediction time
is in the order of milliseconds, outperforming the CVML algorithm by several
orders of magnitude.

Fig. 2.39-2.41 show the Fitnet-C-SA-H results on the reference synthetic test ex-
amples. The figures confirms the improvements of the Fitnet-C-SA-H especially
in the 2-edges examples in Fig. 2.39, which can be appreciated both in visual
terms and in terms of MAE metric. It appears clear that combining the curricular
strategy with the customized MSE loss function and self-attention represents the
best Fitnet results on such complex synthetic test data. The penalized MSE loss
function oercomes the ambiguity of having more than one edge in the panel but
only one output vector. However, this apparently negatively affects the results
of the more simple cases in Fig. 2.40 and 2.41 as indicated by the MAE greater
values compared to the Fitnet-S-SA-H ones, which is likely to be related to the
greater number of non-zero predicted features by Fitnet-C-SA-H. Another impor-
tant aspect here, is that this is the test example associated with the most similar
predictions on the SL- and CL- Picknet maps. This can be appreciated in Fig.
2.42, where the cosine similarity of the predictions on SL-Picknet and CL-Picknet
inputs are plotted over the number of edges in the examples. The figure shows
cosine similarity values included in a range between 0.8 and 1 regardless of the
number of edges in the panels for Fitnet-C-SA-H and Fitnet-S-SA-H , whereas
appear more scattered for the other two, suggesting that this improvement may
be a direct effect of the reformulated loss function. In Fig. 2.41, for example,
we can see that the single edge is accurately fitted by both Fitnet-S-SA-H and
Fitnet-C-SA-H, respectively, using the binary segmentation maps. Nevertheless,
the predictions on CL-Picknet segmentation map of the test instances indicate
that this version of Picknet can be confusing for any Fitnet alternative, particu-
larly in the less complex instances.
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Figure 2.42: Cosine similarity vs number of non-zero pixels in panel for the four
Fitnet versions. The Fitnet version with SA, custom loss function and curricu-
lum learning (CL) (Fitnet-C-SA-H) shows maximum similarity, regardless of the
number of edges in the input image.

It is interesting to note that a common observation amongst all the compared
Fitnet versions and their performance on all the possible input representations
is that, excluding the baseline binary panel, the SL-Picknet segmentation map is
apparently the preferable segmentation map to be later fed in Fitnet to quickly
and accurately find the trace of sinusoidal depth coordinates that correspond with
the edges segmented in the panel. However, every DL method that was trained
using synthetic data, in order to be fully validated needs to be evaluated on field
data. Normally, field data are more complex and challenging than synthetics,
which might cause the failure of such DL systems in real case scenarios. Especially
in the problem we try to address with the proposed DL-based method, field
data are characterized by high variability determined by site-dependent geological
configurations in the subsurface and instrumental artifacts that can easily arise
and corrupt the data in the highly dynamic and disturbed environment of a
borehole, in particular in LWD. Moreover, we conceptualize our method in such
a way that it could detect a maximum number of three edges per input image and
in a real-time fashion. To simulate such an application, we applied the method on
field data differently than we did for the synthetic test examples discussed in this
section. We propose a sample-wise shifting window technique to simulate the the
method predictions collection at each new sample in the borehole. Intuitively, we
expect this to generate a redundancy in the predictions for each meter of LWD
BHI, which is why the validation process is such an important component of the
proposed approach. In the next section, we will describe and discuss the results of
the Fitnet alternatives presented in this section on the LWD BHI dataset, using
both the SL- and CL-Picknet segmentation maps.
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2.3.3 Field data
Differently from synthetic data, field data may present features that impact on
both the SL- and CL-Picknet performances and, consequently, on Fitnet. For
instance, the real geological surfaces may have a wider range of variability in
terms of scattering around the main sinusoidal trace of interest, or be associated
with a wider range of contrasts. This is likely to produce different results from
the synthetic data scenario, which can eventually lead to different conclusions,
especially with respect to the real-time or near real-time applicability of the pro-
posed method, which is the main objective for applications in the LWD domain.
For consistency in the presentation of the results, we will now consider the same
LWD BHI intervals as in Fig. 2.26-2.27. We visualize and compare the Fitnet-S
and Fitnet-S-SA results using the SL- and CL-Picknet segmentation maps. Note
that the manual interpretation, that is often used in these cases as the ground
truth, of the field data used here was unavailable. In this paragraph we will con-
sider LWD BHI intervals of 50 samples (2.5 m). Each interval will be binned in
50 prediction windows with 20 samples, using a sample-wise sliding approach to
perform predictions as anticipated in section 2.3.2. This marks a very important
difference with respect to what we observed in the section where we observed the
results on synthetic data. Every meter (20 samples) in the field borehole image
log is then binned into 20, and each sample row is "seen" 20 times by Fitnet. This
is also expected to produce redundancy in the predictions, since each edge, or at
least a part of it, in the prediction windows is likely to be seen multiple times
by Fitnet. In the following paragraphs, we will visually appreciate the different
results of the discussed Fitnet options on the same LWD BHI dataset introduced
at the beginning of section 2.3. The results are summarize in Tab. 2.5 and
presented as follows: first, we summarize the results of all the discussed Fitnet
versions by calculating the cosine similarity of predictions on the CL-Picknet and
SL-Picknet segmentation maps, as we did in Fig. 2.42. This parameter reflects
the robustness of the Fitnet versions on field data, capturing the amount of vari-
ation of the predicted features on the different segmentation results. Second, to
overcome the lack of ground truth, we compared the predictions of every Fitnet
version with the CVML results in the same reference intervals. Specifically, we
start by randomly chosing a CVML feature as a comparison term, which we will
refer to as the CVML marker. Note that we refer to the set of CVML features
corresponding to the maximum threshold value of 70% (section 2.3.1). We cal-
culate the prediction window at which each marker starts to be included in the
window itself and therefore is visible from Picknet and Fitnet perspective. This
value is found under the marker column in Tab. 2.5. Finally, we compare the
prediction window number at which we find the closest Fitnet prediction to the
marker for the SL-Picknet and CL-Picknet segmentation maps. We believe that
this can lead to important considerations on the various discussed Fitnet ver-
sions and their interaction with Picknet, especially with respect to the real-time
applicability of the proposed method on field data, its potential and limitations.
Each reported result in Tab. 2.5 refers to the Fig. 2.43-2.50. For the sake of
readability, each one of those figures is discussed under the subsection entitled
with the name we gave to the associate Fitnet version.
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Fitnet LWD Metrics
sim(CL,SL) marker SL window CL window

-S 1 0.1398 1 11 13
3 0.1601 22 31 33
4 0.2634 12 26 27
5 0.2629 7 14 22

-S-SA 1 0.2661 1 11 6
3 0.3599 22 34 22
4 0.4321 12 26 9
5 0.3708 7 20 11

-S-SA-H 1 0.7146 1 11 6
3 0.7118 22 34 27
4 0.7829 12 21 17
5 0.7163 7 18 9

-C-SA-H 1 0.8306 1 5 2
3 0.8099 22 31 24
4 0.8324 12 21 18
5 0.8584 7 18 10

Table 2.5: Comparison of cosine similarity between the Fitnet predictions on CL-
Picknet and SL-Picknet segmentation maps for each Fitnet version.

Fitnet-S As the simplest of the Fitnet versions we trained, Fitnet-S is the one
who appears to be less robust, according to the cosine similarity of the predictions
on SL- and CL- Picknet segmented panels. The impact of the segmentation
results is particularly visible in Fig. 2.43b and 2.44b. Both these figures show
how the higher CL-Picknet sensitivity is highly noisy and afects Fitnet-S ability
to fit the edges with the same smoothed and clean sinusoids we see in Fig. 2.43a
and 2.44a. However, even in the latter figures the results cannot be considered
satisfactory, since, at least for Fig. 2.44a, where the marker can be considered
as a less questionable comparison term, there are no Fitnet-S predictions that
approximates the marker itself.
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Figure 2.43: Fitnet-S on left: SL-Picknet segmentation map; right: CL-Picknet
segmentation map. The red arrow indicates the randomly selected marker (blue
line) (blue line) among the CVML predictions in the LWD3 interval.

Figure 2.44: Fitnet-S on left: SL-Picknet segmentation map; right: CL-Picknet
segmentation map. The red arrow indicates the randomly selected marker (blue
line) among the CVML predictions in the LWD1 interval.

Fitnet-S-SA Fitnet-S-SA is te version who was trained in combination with a
self-attention mechanism in the attempt to improve the results. This seems to
be the case, if we observe Fig. 2.45-2.46. The predictions, in fact, now appear
to be more similar t the CVML marker in both the SL- and CL- Picknet results
(Fug. 2.45a-b). However, there are some clues in this predictions examples that
are worth noting. Differently from the Fitnet-S case (section 2.3.3), this time
we reach the closest prediction in shallower prediction windows. Moreover, in
Fig. 2.45b, one may notice that the Fitnet-S-SA prediction we chose is partially
exceeding the prediction window. This might represent an advantage of the CL-
Picknet segmentation map, in terms of real-time or near real-time applicability,
as it certainly suggests that this segmentation map somehow provides more in-
formation than its SL counterpart, and this information can be focused closer
to the lower boundary. Despite the improvement, Fig. 2.46b still indicates some
undesired errors, such as the sawtooth-like features predicted at the top boundary
of the segmented panel.
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Figure 2.45: Fitnet-S-SA on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD3 interval.

Figure 2.46: Fitnet-S-SA on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD1 interval.

Fitnet-S-SA-H Observing the Fitnet-S-SA results on synthetic data (section
2.3.2), we found that Fitnet would benefit from a penalty factor in the loss func-
tion in order to overcome the MSE loss limitations for our specific problem. We
saw on synthetic data that this would produce a little improvement to the all
process, but still with some error dependence on the example complexity. Field
data are way more complex than synthetic cases, normally, which makes Fitnet-
S-SA-H more likely to behave like in the complex case in Fig. 2.39a. It turns
out that, particularly in this case, the results on synthetic data were somehow
indicative of the performance on field data. The SL-Picknet is the segmentation
map driving the best Fitnet-S-SA-H results (Fig. 2.47a-2.48a), compared with
the CL-Picknet input, whereas the more confusing CL-Picknet panel determines
failure in approximating the marker, but given the generally bad results for these
examples, there is no interest in discussing the prediction timing for these figures.
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Figure 2.47: Fitnet-S-SA-H on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD3 interval.

Figure 2.48: Fitnet-S-SA-H on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD1 interval.

Fitnet-C-SA-H Finally, we trained Fitnet-C-SA-H to try solve the clear error
dependence on synthetic data complexity for Fitnet-S-SA-H, and, arguably, ob-
tained the best Fitnet versions, as was already indicated in the results on synthetic
data (Fig. 2.39-2.41). The field data confirm these results, highlighting a good
similarity of the selected predictions and the marker, and at the same time what
we observed for the CL map in Fig. 2.45b,i.e., that the CL-Picknet segmentation
map drives an early detection of the possible features in the panel, compared to
the SL one.

67



Figure 2.49: Fitnet-C-SA-H on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD3 interval.

Figure 2.50: Fitnet-C-SA-H on left: SL-Picknet segmentation map; right: CL-
Picknet segmentation map. The red arrow indicates the randomly selected marker
(blue line) among the CVML predictions in the LWD1 interval.

In summary, the Fitnet results on field data aligned with the synthetic data
results. They both confirmed Fitnet-C-SA-H as the best Fitnet version, that
overcomes some of the key limitations identified during the implementation of
the proposed method, but at the cost of a greater computational complexity that
leads to the maximum training time compared to all the other Fitnet versions.
Prediction time is also slightly larger. We analyzed the results comparing them
with randomly selected CVML predictions, called as markers, to increase the ob-
jectivity in the analysis. However, it’s useful to keep in mind two fundamental
questions: (1) that the CVML method has its own limitations, which makes the
marker itself somehow questionable, and (2) the marker was randomly selected,
which implies that some of the bad results shown in the figures above could have
been a good result if we randomly selected a different marker. We discussed the
inherent limitations of the DL approach and tackled them proposing some mo-
tivated solutions to improve the performances. Since we obtained the expected
improvements during the evaluation on both synthetic and field data we, there-
fore, might consider the DL-based method results on field data as good, and to
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have demonstrated the applicability of a synthetic data based supervised learning
approach for the automated BHI analysis based on DL, avoiding the use of field
data and the manual interpretations as ground truths. Further analysis on field
data results will be done in the next sections.

Confidence

Both the CVML and DL methods rely on some transformation of the raw BHI,
in order to proceed with the automated features detection. We described in sec-
tion 2.3.1 that we made use of the sobel results to compute the confidence of
each detected feature. Differently, the DL method uses Picknet (section 2.2.3)
to transform the raw image in a segmented binary image, with nonzero values
associated to the sinusoidal edges it includes, if any. This segmentation map
is then used to fit the best matching sinusoid of each edge. This suggests that
this intermediate step that is required in both approaches, should contain some
highly relevant information about both the raw input data, and the corresponding
features. This gives rise to some questions: (i) can we leverage the information
included in this intermediate step to further push forward our understanding of
the results? and (ii) how reliable is this information?. Our segmentation task
involves pixel-wise binary classification, where each pixel in the binary segmen-
tation map represents the probability of that pixel being associated with an edge
in the raw LWD BHI. We apply a sample-wise windowing technique to the raw
borehole images, and for each window, we generate the corresponding segmenta-
tion map. Once all segmentation panels are collected, we restore the original raw
data shape by averaging the segmentation maps for each meter (see Fig. 2.28-
2.29). We propose to leverage those restored maps generated by both SL-Picknet
and CL-Picknet to formulate a confidence measure of the predicted features. We
start by analyzing the distribution of the standard deviation of the pixel values
over all the segmented panels for the LWD datasets (Fig. 2.51). The panels
standard deviation is higher if we use the SL-Picknet version for segmentation
(see section 2.3.2). The analysis of panel standard deviations for the LWD3 and
LWD1 datasets reveals significant differences in variability between the two Pick-
net versions. In both datasets, CL-Picknet panels exhibit narrowly distributed
standard deviations around low values, indicating minimal variability and greater
consistency. Specifically, in the LWD3 dataset, the CL distribution peaks near
σpanel ≈ 0.005, while in the LWD1 dataset, the peak occurs around σpanel ≈ 0.02.
In contrast, SL-Picknet panels show broader distributions with higher central
values, reflecting greater variability. For the LWD3 dataset, the "SL" standard
deviations are centered around σpanel = 0.15, whereas in the LWD1 dataset, the
distribution centers around σpanel = 0.25. These results consistently highlight
that "CL" panels are more stable and exhibit lower variability than "SL" panels,
suggesting intrinsic differences in their characteristics, measurement precision, or
stability across both datasets.
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Figure 2.51: Left: histogram of LWD3 panel standard deviations comparing two
categories: CL (blue) and SL (green). CL shows minimal variability (peaking near
0.005), whereas SL exhibits a higher variability (centered around 0.15). Right:
histogram of LWD1 panel standard deviations comparing two categories: CL
(blue) and SL (green). CL displays low variability (peaking near 0.02), whereas
SL shows a higher variability (centered around 0.25).

However, interpreting these results can be challenging, as one might initially
assume that lower standard deviation indicates better performance. Conversely,
a higher pixel-wise edge probability from one network could suggest more robust
behavior, as it may consistently assign high probabilities to real edges and low
probabilities to non-edges. We define the segmentation-based confidence Csin for
each sinusoid sin as:

Csin =
N∑

i=1
w1 · SLsin,i + w2 · CLsin,i (2.38)

where N represents the number of elements in the sinusoid (corresponding to the
number of sectors in the BHI), w1 is a weight applied to the value of the i-th
pixel along the sinusoid on the SL segmentation map SLsin,i, and w2 is a weight
applied to the i-th pixel value from the CL segmentation map CLsin,i. To validate
the confidence measure, we adjust w1 and w2 such that

w2 = 1 − w1 (2.39)

We then observe how the set of detected features changes after filtering out all
features with Csin ≥ 0.5, allowing us to assess the impact of favoring either of
the two segmentation maps (SL or CL) in the confidence calculation, assigning
a greater weight to it. As we can observe in 2.52 and 2.53 for w1 values from
0.1 to 0.9 the number of sinusoids with Csin ≥ 0.5 decreases, which means that
relying more on the SL segmentation map for the confidence measure, the whole
confidence set would shift towards lower values, and less of them will exceed the
0.5 threshold. At the same time, relatively high confidences are more likely to be
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related to evident petrophysical contrasts in the raw BHI, which suggests that
SL-Picknet and CL-Picknet can represent two interchangeable solutions for an
hypotetical interpreter who is serving of the proposed method for his specific
interpretation goals.

Figure 2.52: LWD3: The set of predicted features filtered of features with confi-
dence lower than 0.5, for different values of w1 and w2 (see eq. 2.39).
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Figure 2.53: LWD1: The set of predicted features filtered of features with confi-
dence lower than 0.5, for different values of w1 and w2 (see eq. 2.39).

During manual interpretation, the features correlated by the human interpreter
are then classified according to its associated geological discontinuity. The main
classes of interest are beddings, faults and fractures. Beddings generally separate
intervals of various thicknesses with coherent petrophysical properties, and they
normally appear as lower amplitude and more regular sinusoids in a vertical or
near-vertical well, compared to fractures and faults. Fractures can be associated
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with irregular features with different diagnostic attributes depending on the type
of fracture (empty, filled, cemented), the type of borehole image (density, acoustic,
resisitivity), etc. This classification task is normally combined with some prior
domain knowledge of the interpreter. However, we can try to harness the DL
results to quantify some diagnostic attributes for each predicted feature and see if
they can be correlated with the type of geological discontinuity. For each feature,
we associate two sets of values v1 and v2 collected from n-samples above and
below the feature, respectively, similarly to what we did for the CVML method
(see section 2.3.1). We estimate v1 and v2 distributions and use the first two
statistical moments (v̄, σv) to build a filtering criterion.

v̄2sin ≥ v̄1sin + Γ · σv1,sin (2.40)

where v̄1 and v̄2 are the mean values in the two sets, σ is the standard deviation,
and Γ is a factor ∈ [0, 1] that we apply to σ to soften the constraint regarding the
values differences above and below the prediction. Figures 2.54, 2.55, 2.56 show
the different results for Γ = 1, 1

2 , 1
3 .

Figure 2.54: CLASS α for the sigma factor Γ = 1
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Figure 2.55: CLASS β for the sigma factor Γ = 1/2
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Figure 2.56: CLASS γ for the sigma factor Γ = 1/3

We see that in this case as well, by decreasing Γ we increase the number of
features to keep after the filtering and that the features gradually increase their
dispersion around the most prominent petrophysical contrasts. Moreover, we can
observe in 2.57 that the ∆ρ is decreasing for higher sigma factor values , where

∆ρ = 1
M

M∑
sin=1

|v1sin − v2sin| (2.41)

and

sigmafactor = 1/Γ (2.42)
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Figure 2.57: LWD3. Left: ∆ρ vs sigma factor. Right: mean confidence C̄sin vs
sigma factor.

Figure 2.58: LWD1. Left: ∆ρ vs sigma factor. Right: mean confidence C̄sin vs
sigma factor.

Fig. 2.57 shows that confidence tends to decrease with increasing sigma factor.
This implies that deep-learning models are more certain in their predictions when
the sigma factor is lower, which reinforces the hypothesis that lower sigma factor
values are more likely to be related to bedding features, associated with relatively
sharp formation changes. Higher contrast regions generally provide clearer, more
distinct features that facilitate more confident predictions.
Furthermore, this relationship can also be explained in terms of the confidence
weighting mechanism used by the model (refer to eq. 2.39). When the con-
trasts are high, the features extracted are more pronounced, allowing the NN to
identify characteristic patterns more effectively, thereby leading to higher confi-
dence values. This aligns with the idea that geological categories with distinct,
high-contrast features are easier for the model to categorize with certainty.
It might also be beneficial to investigate whether an optimal range of sigma
factor exists that provides a balance between minimizing noise and retaining
enough feature contrast for confident predictions. Understanding this balance
could improve prediction accuracy and confidence in geological interpretations.
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2.3.4 Results integration

In section 2.3.3, we visually observed and analyzed the results of the proposed
DL-based approach. In the lack of a manual interpretation, we used the CVML
results described in section 2.3.1 as a baseline to compare the performances of
several configurations of such DL-system (Fig. 2.43-2.50). Despite the differences
in the results, which may also given by both the random selection of the CVML
marker and the inherent differences generated by the sample-wise sliding window
technique, the comparison indicated that the results of the two method can even-
tually converge to similar automated analysis of the borehole image, after some
efficient integration. To do that, we started by solving the rectangular linear sum
assignment problem (LSAP) to find the Fitnet predictions FDL that best matches
the CVML set of features FCV ML (see section 2.2.2). Let’s denote the set of Fit-
net features as FDL. We speak of our LSAP as a rectangular type LSAP, because
the size of the two sets is likely to be different, due to different implementations.
Let’s denote the sizes of the FCV ML and FDL as NCV ML and NDL, respectively.
We expect NDL ≥NCV ML, especially for higher threshold values in the CVML
algorithm (see section 2.3.1). We can now build the NDL ×NF cost matrix C,
where each entry is equal to the MSE measure of the correspond pair of FDL and
FCV ML features (Fig. 2.59).

Figure 2.59: An example of cost matrix built using FDL and F from the LWD3
borehole image in the field dataset. Note that G (columns) is greater that
F(rows), which makes our LSAP problem a rectangular problem.

The 2D rectangular assignment problem involves selecting one element from each
column and at most one element from each row, with the goal of minimizing the
total sum of the selected elements in C. Mathematically, this expressed as in
equation 2.43.
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X∗ = arg min
X

NR∑
i=1

NC∑
j=1

ci,jxi,j (2.43)

subject to

NC∑
j=1

xi,j = 1 ∀i (2.43.2)

NR∑
i=1

xi,j ≤ 1 ∀j (2.43.3)

xi,j ∈ {0, 1} ∀i, j (2.43.4)

Equivalent to

xi,j ≥ 0 ∀xi,j (2.43.5)

We repeated this procedure for every threshold in the CVML method and cal-
culated the total error in each set of matched FDL and FCV ML features as the
average of all the matched pairs MSE. In this way we want to observe if there is
a correlation between the degree of similarity between FDL and FCV ML and the
threshold used in the CVML algorithm. If so, it would imply that the threshold
needed in the CVML method not only impacts the CVML results, but could also
enhance the alignment between the FDL and FCV ML features, potentially leading
to improvements in the semiautomated analysis, by means of this simple integra-
tion. Referring to the same dataset associated with the cost matrix in Fig. 2.59,
we can see in Fig. 2.60 the example of LWD3 and LWD1, respectively, which con-
firm the expected threshold impact on the similarity of the two methods results.
The results indicate an efficient integration of the two features sets through this
simple LSAP approach, would be a useful tool to filter the FDL features set of
some redundant predictions, taking advantage of the information provided by the
CVML algorithm so that FDL ≈ FCV ML. By means of LSAP, we could therefore
achieve an approximately equal spatial distribution of the outcomes of the two
methods (Fig. 2.61).
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Figure 2.60: Left: number of CVML curves vs thresholds. Right: the logarithm
of the average MSE in the set of matched features decreases for higher thresholds,
suggesting the impact of threshold in the quality of the integrated results. The
upper figure refers to the LWD3 dataset, whereas the lower refers to LWD1.
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Figure 2.61: Top left: Histogram comparing the distributions of DL (blue) and
Sobel (orange) values. The distributions are overlaid to highlight differences and
overlap, with DL exhibiting slightly more uniform variability compared to Sobel.
Top right: Histogram showing matched distributions for Sobel (pink) and DL
(cyan) values. Bottom left: Histogram comparing the distributions of DL (blue)
and Sobel (orange) values with a broader range. The plot illustrates differences
in spread and variability, with DL values appearing more evenly distributed.
Bottom right: Histogram showing matched distributions for Sobel (pink) and DL
(cyan) values over an extended range. This plot focuses on the aligned sections
of the distributions after matching.

However, with respect to the real-time or near real-time application of these meth-
ods on LWD borehole images, some considerations must be done. Such a near
real-time application requires a reasonably high speed of the system, in order to
fit the original purpose. In practice, this means that the system must be able
to quickly provide with high-quality results and information that effectively sup-
ports operations and decision-making during drilling. We saw in this section that
the CVML and the DL results can be integrated to find a two final approximately
equal sets of features of the same LWD BHI, with similar spatial distributions.
To achieve these results in near-real time would require, nevertheless, the two
methods to be interoperable. This is not the case, unfortunately, since the pre-
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diction time for 1-meter of borehole image is in the order of the seconds for the
DL method to run both Picknet and Fitnet, whereas takes several minutes to the
CVML algorithm (see Tab 2.4 and 2.1 ).

2.3.5 Semiautomation
The adoption of the proposed method as an interactive software, whether oper-
ating on a server or a user’s local machine, necessitates addressing the crucial
aspects of explainability. Explainability not only fosters user trust and enhances
the overall experience with the tool but also provides valuable scientific insights
into the behavior of deep neural networks (DNNs), which are often perceived as
opaque “black boxes.”
This section explores field data results to highlight key considerations in the con-
text of human-machine collaboration (introduced in sect. 2.2.6). In Section 2.3.3,
we provided an overview of the two versions of Picknet and their influence on the
subsequent Fitnet prediction step. Specifically, it was observed that segmentation
maps produced by CL-Picknet exhibit a higher density of non-zero pixels, sug-
gesting a greater sensitivity to edge features in the input image. This distinction
is further illustrated in Fig. 2.51, which shows the standard deviation of pixel val-
ues across all 1-meter segmentation maps in LWD3. The higher panel standard
deviation associated with SL-Picknet aligns with tghe evidence that this Picknet
alternative focuses on segmenting one edge at a time. Conversely, CL-Picknet
captures additional, and more subtle details in the raw BHI. This characteris-
tic allows CL-Picknet to detect features earlier than SL-Picknet (see Table 2.5),
making it particularly well-suited for real-time or near real-time applications. In
Section 2.2.6, we introduced the fundamental concept underlying the practical
use of these tools: the semi-automation of the process, wherein humans and ma-
chines collaborate to achieve higher performance. This semi-automation can be
envisioned as a human (user) validating and discarding feature predictions. Dur-
ing this validation process, understanding the underlying prediction mechanisms
becomes critical to understand how the human can be influenced by different
types of machines trained for the same tasks. Here, we make some examples of
comparison of the guidance provided to the user by the two Picknet versions and
analyze the semi-automation of this task from a human-machine collaboration
perspective. As discussed in Section 2.2.6, the accuracy of fracture detection
by humans working on diverse datasets depends significantly on their cognitive
style. Individuals working alone often exhibit cognitive tendencies—such as sen-
sitivity (detail-oriented) or intuition (less detail-oriented)—that influence their
performance. When working collaboratively, the sensitive style can often influ-
ence and complement the intuitive style. Building on this foundation, we attempt
to extend these ideas to the two versions of Picknet and explore how they align
with these cognitive styles. Specifically, we assess whether each version acts as
a “detail-oriented” or “intuitive” collaborative entity. For this purpose, we ana-
lyze a 100 samples (5 meters) interval, which includes sub-intervals with different
degree of complexity. We tried to quantify this complexity by measuring the
variance of the pixel values in the input panel, similarly to what we did for the
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Picknet panels (Fig. 2.51). This is helpful to emphasize the analogies with the
aforementioned human cognitive styles impacting the fracture detection outcome,
and to enhance the interpretability of our method, including how the implicit in-
formation like the confidence score can be used in our proposed semiautomation
framework. The version of Fitnet we used for this is Fitnet-C-SA-H, as it corre-
sponds to the best Fitnet version and the one with maximum cosine similarity of
the features predicted on the two Picknet versions (section 2.3.2, Tab. 3.3). First
of all, we observe how this same similarity changes and if it correlates the input
variance sequence, across the reference interval of field data (Fig. 2.62). We see
in the figure that these two quantities are related and the lower variance areas in
the interval coincide with the higher similarity values.

Figure 2.62: The figure illustrate the similarity of the features predicted using
CL and SL Picknet as input and its relation with the variance in the input BHI.

This emphasizes the impact of the Picknet training strategy on Fitnet and, by
extension, the entire semiautomation process. We examine examples of Fitnet
features from both Picknet alternatives within the same sub-interval. Since the
outcomes are more similar in low-variance sub-intervals, we begin our analy-
sis with high-variance sub-intervals to better observe significant deviations (Fig.
2.63).
The figure illustrates that in this interval, where strong and distinct contrasts
are absent, the SL-Picknet segmentation maps produce a more robust Fitnet
prediction. This robustness is evident as the features remain consistently aligned
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with the same edge across the series of subsequent windows. In contrast, the CL-
Picknet segmentation maps exhibit a more dynamic prediction behavior, where
the detected features shift with the sample-wise sliding of the prediction window.
Specifically, the SL-Picknet segmentation map directs Fitnet to concentrate on
more pronounced features in the image throughout the sub-interval, ensuring
consistent identification of structures with high stability. Conversely, the CL-
Picknet segmentation map encourages Fitnet to more variable predictions and,
consequently, consider subsidiary elements as well. This is also evident in Fig
2.64, where we observe the manual interpretations from the same interpreter in
two intervals with different complexities (note that the manual picking were done
ad-hoc for this example of semiautomation).
In Fig 2.64-A, for example, if we look between sample 20 and 30, we see a low-
angle low-density feature that may be a low-angle fracture. This fracture was
picked by the human interpreter, but Fitnet suggested a similar feature only when
predicting on the CL-Picknet segmentation map. However, on the SL-Picknet seg-
mentation maps the validations show a better alignment to the manual pickings
in correspondence of the most prominent contrasts. This somehow confirms what
we discussed during the description of Fig. 2.63, which is that CL-Picknet may be
a more detailed-oriented tool, compared to the more robust SL counterpart. This
also underpins their complementarity, which, as previously mentioned for the hu-
man working in groups, can be beneficial to the collaboration experience and the
final results quality. In Fig 2.64-B an example with much less evident contrasts is
shown. As expected (see Fig. 2.62), we can observe a more scattered pattern of
the manual and the validation results. The manual interpretation, however, seem
to be cautious and conservative, with the quasi-fully represented sinusoids picked,
wheras other, more subtle features have been ignored. This scenario represents an
example of how a conservative interpreter might be influenced to reconsider his
perspective on a selected feature (e.g., blue arrows), validate their interpretation
(green arrows), or incorporate additional elements to complete the overall puzzle
(red arrows). Furthermore, evidence of the differing input perceptions and their
impact on Fitnet’s focus on detailed structures is demonstrated by the fact that
all validations, which either confirmed or partially confirmed manual interpreta-
tions, were derived from the CL-Picknet segmentation maps for this challenging
interval.
From a semi-automation perspective, this distinction suggests that a human col-
laborator working with these two alternatives of the same NN architecture could
receive different suggestions: one focusing on prominent features within the bore-
hole image and the other highlighting subtle details. Moreover, these features are
informed by implicit information from the models, such as prediction confidence
(section 2.3.3) and interval difficulty (Fig. 2.62), further enhancing the collabo-
rative process. We believe approach can effectively reduce subjective bias during
analysis and improve the reliability of models trained with the resulting data.
For instance, subtle details in BHI log interpretation, such as small fractures
near or crossing a larger one, could significantly influence fluid flow parameters
in thermodynamic subsurface models. Detecting these details is therefore criti-
cal for accurate modeling and decision-making. As discussed in the Introduction
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Figure 2.64: Manual interpretations and validations on both the CL-Picknet and
SL-Picknet for two intervals with different complexity. Green arrows indicate
the manual features that were confimed by the validations. Blue arrows indicate
the manual features that could be questioned by the validation and modified
accordingly, depending on the interpreter. Red arrows indicate the validations
that don’t correspond to any manual picking, but can represent a valid alternative.

Figure 2.65: Distributions of coordinates in the intervals associated with (left)
fig. 2.64-A and (right) 2.64-B.
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of this chapter, previous studies have demonstrated that final fracture analyses
by different interpreters often yield uncertain results, even when working with
high-resolution data surpassing that of BHIs to varying degrees, depending on
the resolution method used (e.g., linear or circular scanlines, window sampling,
topology sampling). Consequently, achieving reproducible and meaningful frac-
ture network interpretations remains a challenge. Addressing these issues—such
as subjective bias among interpreters—could enhance confidence in modeling and
engineering decisions related to geothermal resource estimation and management.
While a statistically significant study on subjective bias was not feasible due
to limited human resources, we present here the results of manual and semi-
automated analyses conducted by a single interpreter (the thesis author) on LWD
BHI data. Efforts were made to maintain consistent experimental conditions for
both manual analysis and validation. This represents an initial attempt to collect
variables from both processes, allowing for comparability of results and potential
insights into human versus machine perception and performance. For instance,
we create a framework for a sample-wise shifted window-based manual analysis
of several intervals of BHI, in order to keep track of the window where humans
would locate a sinusoid and its mean depth position and amplitude. Seemingly,
on the human-machine collaboration side during validation we can keep track
of the prediction window where the human decided to validate the suggestions
coming from the machine, and their mean depth position and amplitude. We can
also try to relate those observations with some features of the input data in each
window to gain insights about possible correlations, i.e., the depth coordinate of
the center of mass in the input window and the focal entropy. Additionally, the
final results of manual and DL-assisted BHI interpretation can be compared in
topological terms, analyzing the spatial distribution of nodes and branches de-
fined by the intersections of the correlated features, on which the evaluation of the
fracture network connectivity- closely related to formation permeability- depends
(Fig. 2.66-c and 2.67-c). For instance, we did this for the same two intervals as
in Fig. 2.64. For the interval in Fig. 2.64-A, wee see in Fig. 2.66 an example
of the human-machine comparison studies as described above, where we observe
an positive trend of the window focal-entropy value ( Fig. 2.66-b) from window
10 (i.e., extending from depth samples 10 to 30) to 30 (from depth samples 30 to
50). In this sub-interval, can see that the features that have been validated were
at located in deeper portions, with respect to center of mass of the associated
windows. The green arrows in Fig. 2.66-a and Fig. 2.66-c indicate two almost
identical correlated features- one from the manual interpretations, and the other
from the validation procedure. Fig. 2.66-a indicates that, for this example using
the curriculum learning segmentation map during the validation, the position of
the features suggested by the machine could be influenced by the focal entropy
in the raw input in a way that differs from the human. As we can observe, this
feature have been detected in different input windows in the two scenarios and,
specifically, the machine suggested its presence at an earlier stage (window 20,
from depth sample 20 to 40) compared to when the human manually picked it
(window 27, from 27 to 47). For the other interval example-more heterogeneous,
with no evident layers in the corresponding BHI- we can see that more evidently

86



than in the previous case, the manually correlated features (Fig. 2.67-a) are
closer to the position of the center of mass of the input window, whereas the
validated features exceed its coordinates pretty much in all the prediction win-
dows in the sub-interval.This suggests that the focal entropy within the input
window—representing the randomness of pixel values in an image—and the posi-
tion of the center of mass within the window may influence human and machine
perception differently. These two input-related quantities could be valuable in
future studies for a more detailed analysis of their differences, limitations, and
potential for integration.

Figure 2.66: A comprehensive plot comparing the manual (H) and semi-
automated (V) analyses for a high-contrast interval. (a) The validated (V-blue
dot) and human (H-light blue cross) detected features are plotted, with the x-
axis representing the window index in which the feature was detected and the
y-axis showing the mean depth position of the feature in samples. The length of
each bar is proportional to the feature’s amplitude. Red squares represent the
y-coordinates of window centers of mass, and the black dotted line indicates the
linear regression of the set of centers of mass across all considered windows. A
red dotted line is added for reference, representing y = x. Green arrows highlight
two features that can be identified in (c). (b) The focal entropy-window plot,
where the red rectangle highlights a positive entropy trend from window 10 to
30. (c) Validated and manually picked sinusoids, with blue dots and magenta
dots representing nodes of the validated and manual feature sets, respectively.
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Figure 2.67: A comprehensive plot comparing the manual (H) and semi-
automated (V) analyses for a low-contrast interval. (a) The validated (V-blue
dot) and human (H-light blue cross) detected features are plotted, with the x-
axis representing the window index in which the feature was detected and the
y-axis showing the mean depth position of the feature in samples. The length of
each bar is proportional to the feature’s amplitude. Red squares represent the
y-coordinates of window centers of mass, and the black dotted line indicates the
linear regression of the set of centers of mass across all considered windows. A
red dotted line is added for reference, representing y = x. Green arrows highlight
two features that can be identified in (c). (b) The focal entropy-window plot,
where the red rectangle highlights a positive entropy trend from window 10 to
30. (c) Validated and manually picked sinusoids, with blue dots and magenta
dots representing nodes of the validated and manual feature sets, respectively.

As anticipated in the introduction, in the semiautomation framework also enables
the use of the use of the validations to fine-tune the NN parameters (weights)-
trained on synthetic data- based on real world examples. After this operation, the
validation is repeated using the fine-tuned weights and we observe the differences
in the window analysis results and distributions of topological elements. For
instance, the validations in Fig. 2.66 for this less chaotic BHI interval, were used
to fine-tune the NN weights for 1 epoch per validation, and the results of the
repeated validation process are shown in Fig. 2.68 and 2.69-b. We can observe
in Fig. 2.68-a that, especially in the sub-interval marked by the red rectangle,
the validations results have changed compared to the original NN. In particular,
considering the same features indicated by the green arrows (Fig. 2.68-a and
-c) we see that now the same feature is validated in a deeper window (33, from
depth samples 33 to 53) compared to the original NN (window 20, from depth
samples 30 to 50) and the topological elements have also slightly changed from
the original validation (Fig.2.69-a) to the validation on the fine-tuned NN (Fig.
2.69-b).
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Figure 2.68: A comprehensive plot comparing the manual (H) and semi-
automated (V) analyses for a high-contrast interval after NN fine-tuning based
on validation. (a) The validated (V-blue dot) and human (H-light blue cross)
detected features are plotted, with the x-axis representing the window index in
which the feature was detected and the y-axis showing the mean depth position
of the feature in samples. The length of each bar is proportional to the feature’s
amplitude. Red squares represent the y-coordinates of window centers of mass,
and the black dotted line indicates the linear regression of the set of centers of
mass across all considered windows. A red dotted line is added for reference,
representing y = x. Green arrows highlight two features that can be identified
in (c). (b) The focal entropy-window plot, where the red rectangle highlights a
positive entropy trend from window 10 to 30. (c) Validated and manually picked
sinusoids, with blue dots and magenta dots representing nodes of the validated
and manual feature sets, respectively.
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Figure 2.69: Nodes and branches distributions from the (a) manual and valida-
tion on orignal NNs and (b) manual and validation on fine-tuned NNs using the
validations. Below each BHI, the spatial (x,y) distribution of manual (xH, yH)
and machine (xV, yV) x nodes.

Collecting those results for several interpreters and comparing them for sub-
intervals with varying levels of complexity might be useful to highlight some
important components of the human and the machine level performance and gain
relevant insights on human and machine perception that would help quantifying
the subjective bias and assess the impact of the machine assistance for such task.

2.3.6 Geological interpretation
Two wells in the LWD dataset (LWD1, LWD3) introduced in section 2.3 were
associated with the presence of Mass Transport Complex (MTC) crossed by the
borehole, which caused borehole stability issues in one of them, leading to mate-
rial and economic loss. To further validate the proposed methods for automating
borehole image log analysis and explore their potential in providing interpreters
with meaningful geological insights beyond the mere feature predictions, we uti-
lized their results to derive quantities at the feature and interval levels. This
allowed us to examine whether these derived quantities could help distinguish
intervals within the MTC from those outside it. In this section we will see how
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we addressed this challenge using both the CVML and the DL-based methods,
and will describe the results. Note that for the DL method, the described results
refer to a standalone application of the method, considering all the predictions
by the method, not just the validated ones. (Fig. 2.18).

CVML method

We collect the main implicit information from the CVML method as a confidence
score calculated using the Sobel map information. For each curve predicted by
the algorithm in the LWD data, we measure a score as the percentage of points
along the curve that share the same sign of the sobel value in the map. At this
point, we simply analyze the distributions of confidence and the dip magnitude
(derived from the sinusoidal parameters) inside and outside the MTC intervals
interpreted by geologists (see Fonnesu et al. (2020) for a more detailed description
of the MTC (Fig. 2.70, 2.7 and Tab.2.6, 2.7).

Table 2.6: DIP and Confidence statistics for LWD3

Metric Interval 1st Quartile Average 3rd Quartile
DIP Inside MTC_370 33% 47% 61%

Outside MTC_370 37% 49% 60%
Confidence Inside MTC_370 33% 47% 62%

Outside MTC_370 42% 47% 55%

Metric Interval 1st Quartile Average 3rd Quartile
DIP Inside MTC_370 (No Instability) 51% 56% 63%

Instability 65% 63% 68%
Outside MTC_370 42% 50% 59%

Confidence Inside MTC_370 (No Instability) 47% 55% 63%
Instability 59% 65% 70%
Outside MTC_370 37% 48% 60%

Table 2.7: DIP and Confidence statistics for LWD1

One of the two boreholes that are associated with this geological interpretations,
also incurred in borehole stability issues within the interpreted MTC interval
(LWD1). For this well, we further observe the distribution in the instability zone
(Fig. 2.71, Tab 2.7). The results inspired the use of a very simple rule to use the
information at the event (feature) level (sobel confidence score and dip magni-
tude) to extract information at the interval level. The rule consists in classifying
a 10-meter interval into the MTC/NON-MTC categories if boths the percentage
of events with a score higher than 75% and a dip magnitude higher than 45° ex-
ceed 50%. We evaluate this as an additional feature of the CVML tool that can
assist interpreters in real-time, with some geologically meaningful information of
the drilled intervals. This additional part of the method would consist of an alert
system with two alert levels, whether the rule condition is met for only one or
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both the derived parameters. Finally, we compare the alerting intervals and the
level of alert with the interpreted MTC depths in the two wells (Fig. 2.72- 2.73)
and the results are shown in Tab. 2.8. We see that the level 2 alert is the weakest
in both cases. However we notice that the level 2 alert succeeds in identifying the
instability zone with an 80% accuracy in the problematic interval (Fig.2.73).

Figure 2.70: Confidence and dip magnitude distribution inside and outside the
MTC for LWD3. In this borehole, there is a slightly different distribution of
confidence and dip magnitude of the CVML features.

Figure 2.71: Confidence and dip magnitude distribution inside and outside the
MTC (and the instability zone) for LWD1. DIfferently from the LWD3 case, here
we see clearly different distribution of confidence and dip magnitude values of the
CVML features in and out the MTC. In particular, the interval where instability
issues occurred (yellow box).
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Figure 2.72: The distribution of the alerting intervals depths compared to the
interpreted MTC depth for LWD3

Figure 2.73: The distribution of the alerting intervals depths compared to the
interpreted MTC depth for LWD1
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Test Alert level Precision Recall
LWD3 1-DIP 0.3929 0.3929

1-CONF 0.4839 0.5172
2 0.4286 0.3103

LWD1 1-DIP 0.7000 0.7778
1-CONF 0.6136 0.7297

2 0.6563 0.5676

Table 2.8: Precision and Recall for the three levels of alert in LWD3 and LWD1.
As expected from the distributions of confidence and dip values, the performance
of the classification rule based on confidence and dip magnitude of the CVML
features are better in the LWD1 borehole.

DL method

In section 2.2.3 we described the baseline Fitnet architecture as a combination of
convolutional layers, dropout layers and a fully connected layer for the sinusoidal
fitting of edges in the binary input image. We also described the role of dropout
layers during training and prediction steps. In addition to this uncertainty es-
timates, we calculated the apparent dip magnitude of the predicted sinusoidal
features in FDL and integrated these other information in the same dataset with
segmentation maps, and the density values in the BHI at the feature location,
for each predicted feature (Fig.2.74). After integration, we conducted a Principal
Component Analysis (PCA) to reduce the dimensionality of the dataset. The
dataset was reduced to two axes corresponding to the first two principal com-
ponents, which capture the maximum variance within the data. By doing so,
we are essentially reducing the dataset generated by a standalone application of
the method to a binary classification problem (MTC/Non-MTC) with two fea-
tures capturing the maximum variance in the integrated dataset, to overcome the
redundancy in the original dataset, as is determined by Fitnet implementation.
We then proceed with the binary classification using an unsupervised learning
method as the Agglomerative Clustering (AC) technique, imposing a 2-cluster
separation of the data points in PCA space. We used a cosine-similarity metric
to achieve the cluster division, since it maximized the silhouette scores of the
clusters (Fig. 2.75).
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Figure 2.74: a: distribution of petrophysical parameters along the features. b:
segmentation maps. c: calculated dip magnitude for each feature. d: dropout
uncertainty estimate for each feature. f: PCA for dimensionality reduction of the
integrated dataset.

Finally we compared the AC resulting cluster separation with the manual MTC
detection for both LWD1 and LWD3 (Fig. 2.76), and compared the results in
therm of Precision and Recall, to also evaluate the sensitivity towards the MTC
class (Tab. 2.9). The success of the clustering approach is heavily dependent on
the presence of underlying patterns in this reduced deep learning-derived dataset.
For both boreholes, the clusters align well with the manual MTC and NON-
MTC classifications. Furthermore, the binary agglomerative classifier exhibits
high sensitivity toward the "alert" (positive) class in both boreholes. This means
it could effectively identify critical intervals for those two boreholes, which is
particularly crucial in a safety-critical application like this. Interestingly, less
precision is observed for the LWD3 borehole image, which correlates with the
CVML results (see Tab. 2.8). In this case however, the different results may be
related to the machine perception of the field data.
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Figure 2.75: The figure compares silhouette scores across different distance met-
rics: Euclidean, L1, L2, Manhattan, and Cosine. The bar heights represent
silhouette scores (blue), while the red dashed line shows the comparison scores
for each metric. Cosine achieves the highest silhouette score, indicating superior
performance in clustering similarity compared to other metrics.
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Figure 2.76: Up: agglomerative clustering results for the LWD3 BHI on the PCA
space. Down: agglomerative clustering results for the LWD1 (instability) BHI on
the PCA space.

Precision Recall
LWD3 0.77 0.91
LWD1 0.96 0.99

Table 2.9: Precision and Recall for the two boreholes illustrated in Fig. 2.76.

Fig. 2.77 shows the panel standard deviation (σsegm) (as in Fig 2.51) in a scatter
plot with the variance of the associated input interval (σraw) (see Fig. 2.62). Both
CL-Picknet and SL-Picknet respond differently to the two field datasets. This is
also true for the CVML method (sect. 2.3.1), in the sense that the distribution
of the CVML implicit information were sharply different between LWD3 and
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LWD1, may be related to the fact that the borehole stability issues only occurred
in LWD1.

Figure 2.77: Panel standard deviation (σsegm) as a function of the input variance
(σraw) for (right) LWD3 and (left) LWD1.

2.3.7 Scalability
A scalable method is a method that maintains its level of performance for a
varying- usually growing- size of the problem. In that sense, the system may be
considered scalable if it can upgrade to adapt to larger problems, or reducing
the problem size minimizing the performance quality reduction. We apply this
scalability concept to our problem. As anticipated, we formulated the synthetic
data-based training of the network and their architectures according to the tradi-
tional sampling parameters of LWD borehole imaging tools. The resulting images,
however, are low-resolution images (vertical sampling ≈ 0.05 m) compared to the
wireline images, such as the FMI (vertical sampling ≈ 0.005 m) that are more
used in the geothermal exploration industry. Referring to LWD borehole images
to drive the choice of out synthetic images parameters, the implementation of a
meter-scale automated analysis approach was eased by the resulting image size
of 20 depth samples and 16 borehole sectors. One meter of FMI-like synthetic
image would therefore take 200 samples in depth, and the borehole sectors are
also in the order of hundreds, so that the 1-meter synthetic borehole image size
could be 200x660. Moreover, a greater resolution in the real world images also
means a higher number of hierarchical features to be encompassed by the syn-
thetic images generator and a greater strive in achieving the synthetic dataset
required representativeness. For instance, the FMI borehole images usually come
with vertical blank strips generated by the seams between the arms of the tool,
that are not present in LWD data. To test the scalability of the proposed DL
method, we applied it to a set of 115 FMI images representing 2-meter inter-
vals, where each FMI interval is associated with one fracture, resulting from the
manual interpretation of experienced petrophysicists. Some fractures are full,
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others are only partially visible in the image. Each image in the FMI dataset
is a 1000x240 image. To resize the full images to our method input size and
wanting to perform the automated analysis at the meter scale, we considered
sample-wise sliding windows with size 500x240. Resizing those images to 20x16
means to work with a 99% of resolution loss and a distorted image, as the aspect
ratio varies from 2,08 to 1,25. We then applied the optimal matching algorithm
introduced in section 2.3.4 to find the prediction across all the windows that best
matches the manually picked fracture. In this way, we aim at speeding up the
semiautomation process, using the human picking as a validation term. Despite
the image degradation related to resolution loss and distorsion, this test showed
that method could effectively approximate the human results, in particular for
those examples with fully represented sinusoids associated with higher contrasts
(see Fig. 2.78 ). However, in cases the sinusoids are fully represented but very
subtle or with other more prominent features crossing, the negative impact of
image degradation is evident ( see Fig. 2.79). Another case where the human
outcome was unmatched, is the vertical fractures case, where essentially the frac-
ture coordinates exceed the image bounds ( see Fig. 2.80 ). These observed
inaccurate results prompt the question of whether adjusting the window length
for resizing could lead to improved outcomes. We modified the window length to
the full image vertical size (1000 samples), and compared the results (Fig. 2.81.
What we observe is a decrease in the MSE from the two fractures, which goes
from 560,79 to 63,35.
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Figure 2.78: Instance n.32 in the Conoco Phillips FMI dataset used in the scala-
bility test.
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Figure 2.79: Instance n.74 in the Conoco Phillips FMI dataset used in the scala-
bility test.
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Figure 2.80: Instance n.63 in the Conoco Phillips FMI dataset used in the scala-
bility test.

Figure 2.81: Instance n.74 in the Conoco Phillips FMI dataset used in the scala-
bility test. Left: window size of 500 samples. Right: window size of 800 samples.

This observation underscores the potential of a multi-scale approach facilitated
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by the window-sliding technique, which could impact results and better align
the predictions with human intent. For instance, we could reverse the process
and analyze how the results vary within the same interval as depicted in Fig.
2.81, focusing on another distinct but less-represented fracture in the image (Fig.
2.82). This fracture intersects with the one previously enhanced by extending the
window length, providing additional insights into the influence of window size. In
this case, the best result is obtained for the 500 samples window (MSE = 187.95
), compared to the 800 samples window (MSE = 230.14).

Figure 2.82: Instance n.75 in the Conoco Phillips FMI dataset used in the scala-
bility test. Left: window size of 500 samples. Right: window size of 800 samples.

In general, we observed that the size of the window can impact the quality of the
best-matching prediction depending on the dipping angle pf the surface. Let’s for
instance consider window sized of 200, 500, 800 and 1000. For each window size we
find the best matching prediction across all windows dividing the original interval,
and compute the MSE. Let’s for example, consider the instances indicated with
indexes 80, 81, 82 (Fig. 2.83) . (Fig. 2.83)-a shows the dipping angle of the three
selected fractures, which represent low-angle (80), medium-angle (81) and high-
angle (82) fractures, respectively. The minimum MSE values for examples 80 and
81 were observed at a window length of 200, while for example 82, the minimum
MSE occurred at a window length of 1000. This highlights the influence of window
length, which reflects the scale of automated analysis, on the final results. These
findings guided the application choices detailed later for the WNB case study.
However, it is important to note that MSE can sometimes be a misleading metric
for evaluating these results. For instance, in example 81, the minimum MSE was
identified at a window length of 200 samples, yet visually, the best results were
evidently achieved with a window length of 500 samples.
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a b

c
Figure 2.83: a) Plot of MSE vs. scale; b) Heatmap of MSE across different scales.
Examples 80, 81, and 82 represent low-angle, medium-angle, and high-angle frac-
tures, respectively. Notably, for the high-angle fracture, the MSE decreases as
the prediction depth window length (in samples) increases. c) 3D plot showing
the relationship between scale, MSE, and dip angles for different examples, with
points connected by lines to highlight MSE trends within each example. Samples
80, 81, and 82, representing low-angle, medium-angle, and high-angle fractures,
respectively, are marked by red arrows. Notably, for the medium- and low-angle
fractures (examples 81 and 80), the minimum MSE corresponds to a window
length of 800, whereas for the high-angle fracture (example 82), the minimum
MSE occurs at the full length of the interval.
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Figure 2.84: Example 80. A) Predictions using a window length of 200 samples.
B) Predictions using a window length of 500 samples. C) Predictions using a
window length of 800 samples. D) Predictions using a window length of 1000
samples.
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Figure 2.85: Example 81. A) Predictions using a window length of 200 samples.
B) Predictions using a window length of 500 samples. C) Predictions using a
window length of 800 samples. D) Predictions using a window length of 1000
samples.
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Figure 2.86: Example 82. A) Predictions using a window length of 200 samples.
B) Predictions using a window length of 500 samples. C) Predictions using a
window length of 800 samples. D) Predictions using a window length of 1000
samples.

These results highlight the adaptability of the NNs used in this study, that can be
used on any kind of BHI. Nevertheless, this approach for the method upgrading
does not prove its full scalability. For example, we expect that the downsampling
of the input image and the blank strips negatively affects the reliabilty of the
confidence score (section 2.3.3) as we discussed it for LWD datasets. Furtherly,
we adapt the method using the same logic on FMI BHI from one well (NLW-
GT-01) geothermal exploration project in the West Netherland Basin (WNB).
Besides being geothermal exploration data, the particular interest on this data
rises as they have been interpreted by multiple interpreters. We used this FMI
data in the attempt to apply the proposed semi-automation method and effec-
tively reproduce the results of a manual interpretation calibrated with core-data.
We proceed with a visual comparison, as we did not have access to any compa-
rable format of the interpreted fractures in these data to conduct a quantitative
evaluation. Also for this WNB high-resolution images, we had to lose more than
90% resolution in the image, and we entrust the NNs to exploit the relevant in-
formation in the degraded FMI windows to provide the human with acceptable
guesses at multiple scales (Fg. 2.87). The validated fractures could significantly
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approximate the manual interpreted ones (Fig. 2.88). These two cases represent
a set of fully represented small conductive fractures and a conductive fault with
variable ranges of aperture, that can contribute to the permeability enhancement
of this interesting formation for geothermal exploration in the WNB. However,
this conservative interpretation focuses on the fractures visible in the core, but
other discontinuities in the FMI data have been identified as either hydraulically
or drilling-induced fractures. These additional features may also be detected by
the semi-automation procedure(Fig. 2.89). Fractures are not the only class of
geological features we can recognize and detect in a FMI. For instance, the first
clear geological contrast that we can observe at approximately 4255 m depth or
sample 200 in Fig. 2.88 and Fig.2.89 is a bedding. During the validation proce-
dure, we noticed that some predictions were accurately suggesting the depth of
those events, especially at the cm- scale (Fig. 2.91).

Figure 2.87: A) Resized image corresponding to the red box in B. B) An interval
of 1200 samples (≈ 3.40 meters) showing the 3 FMI intervals. C) Resized image
corresponding to the green box in B.
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Figure 2.88: Comparison of the interpretations published by (Boersma et al.,
2021) with the validated DL predictions. The interpretation in the reference
paper is described as a conservative interpretation with fully represented sinusoids
that we successfully replicated through our scalability assessment.
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Figure 2.89: A) Validated deep learning (DL) predictions using a less conservative
approach reveal discontinuities attributed to drilling-induced fractures that are
absent in core data. B) The less conservative interpretation is visualized with
tadpoles and core data for the interval starting at a depth of 4255.
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Figure 2.90: A) Validated deep learning (DL) predictions replicating the conser-
vative approach in (Boersma et al., 2021) that revealed a high-dippping fracture
visible in core data. B) The less conservative interpretation is visualized with
tadpoles and core data for the interval starting at a depth of 4270.
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Figure 2.91: Validated DL predictions using a less conservative approach identify
bedding and fractures at both the centimeter (green) and meter (red) scale. The
sinusoids indicated by the green arrows are the one considered in Tab.2.10.

We computed the ∆ρ value for the bedding and its closest fracture (marked by
green arrows in Fig. 2.90) as in eq. 2.41, for four different accurate suggestions
(A,B,C,D) of these same two events detected in different subsequent windows
(Tab. 2.10). What we observed, was a general higher ∆ρ for the bedding plane,
which correlates with the results we observed on the LWD density azimuthal
dataset (see section 2.3.3). This denotes the validity of such formulated parameter
as an additional information of the predicted features also in the higher resolution
and the different petrophysical parameter measured in this FMI data, compared
to the LWD data (see Fig.2.54-2.56).
With regard to the CVML methodology, the scalability tests were more straight-
forward, as the only parameters that needed to be adjusted in the algorithm to
adapt it to FMI images were the step length H and the number of borehole sec-
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∆ρ Bedding Fracture
A 33.09 -3.68
B 35.98 -2.05
C 39.22 -6.06
D 42.19 1.23

Table 2.10: A table showing the relationship between FMI change (∆) associated
with bedding, and fracture.

tors (Section 2.2.2, Eq. 2.18). As expected, there are several reasons why the
CVML method fails on the same FMI interval shown in Fig. 2.90. Fig. 2.92
illustrates that the set of correlated features is negatively impacted by the pres-
ence of blank strips, which are typically present in FMI images. Furthermore,
the computational time for processing this interval exceeded 5 hours, whereas the
prediction time for the DL method remained unchanged.

Figure 2.92: Scalability results of the CVML method. The poor results are
determined by the blank strips in the image.

2.4 Conclusion
We presented an integrated framework for automating borehole image log anal-
ysis, combining computer vision -based (CVML) and deep learning (DL) meth-
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ods to assist geological interpretation in real-time or near-real-time drilling op-
erations. The CVML method applies Sobel edge detection and Dynamic Time
Warping (DTW) to extract features and approximate geological surfaces, while
the DL approach uses segmentation (PickNet) and feature-fitting networks (Fit-
Net) to detect and fit sinusoids that represent geological discontinuities. The
results of the two methods are aligned using a linear sum assignment approach,
achieving consistent feature detection and enabling integrated analysis.
A key contribution of this work is the demonstration of the validity of synthetic
data for training DL models in the context of borehole image analysis, a topic
that understandably raises skepticism among interpreters of those type of data.
While synthetic data may lack full representativeness of real-world scenarios, the
results presented here show that models trained on these datasets deliver at least
acceptable and often good performance on field datasets. Both CVML and DL
methods effectively identify geological features such as bedding planes and frac-
tures and can provide with information at the interval level, providing meaningful
geological insights through derived quantities like apparent dip magnitude, den-
sity contrasts, and uncertainty estimates of the predicted features. These results
validate the synthetic data and supervised-learning framework as a practical al-
ternative when real-world annotated data is scarce for this problem.
Both methods, however, have limitations. The CVML approach is computation-
ally intensive, making it unsuitable for real-time applications, and its reliance on
a threshold parameter introduces subjectivity that can impact results. The DL
method, while faster and adaptive, depends heavily on the quality and represen-
tativeness of the synthetic data. Its predictions, though generally reliable, can
include noise or artifacts, particularly when handling ambiguous or poorly repre-
sented geological features. Additionally, the DL system is limited by the lack of
an established metric to measure how well synthetic data represents real-world
borehole images, especially for high-resolution datasets. The This work demon-
strates the potential of combining deterministic and machine learning methods to
automate borehole image analysis and provide actionable insights. It also high-
lights the need for future research to improve the representativeness of synthetic
data by developing tools to quantify and enhance its alignment with real-world
scenarios. Such efforts would further close the gap between synthetic and field
data performance, ensuring more robust and reliable automated solutions for
subsurface interpretation.
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Chapter 3

Exploring sustainable geothermal
power: deep closed-loop heat
exchangers and Long-Short Term
Memory applications

3.1 Introduction
Geothermal energy offers at least three key advantages: (i) it is a constant and
widely available energy source; (ii) it supports thermal and electrical energy needs
across residential and industrial sectors; and (iii) it plays a vital role in advancing
the renewable energy transition. Geothermal fluids are especially versatile, with
applications depending on their temperature range. At 40–60 °C, they are used
for greenhouse heating and aquaculture; at 60–70 °C, for building air condition-
ing and domestic water heating; at 70–80 °C and above, for industrial processes
and absorption chillers in refrigeration cycles; and beyond 100 °C, for electricity
generation in binary plants (Gola et al., 2022; DiPippo, 2007). However, the de-
velopment of traditional geothermal projects is often hindered during exploration
by uncertainties related to the physical conditions of the reservoir (e.g., fluid
pressure) and its petrophysical properties (such as porosity and permeability).
Pipe corrosion, scaling, subsidence, and induced seismicity can sometimes pose
challenges during geothermal resource exploitation, potentially affecting its com-
mercial success (Chen et al., 2020; Palomo et al., 2022; Witter et al., 2019).
Additionally, the high development costs—particularly those related to drilling
operations—remain a significant barrier to geothermal projects. A promising so-
lution to address these costs is the reuse of sterile or depleted deep wells originally
drilled by the petroleum industry. Retrofitting abandoned wells provides multiple
benefits: it reduces drilling expenses, takes advantage of existing knowledge about
subsurface geological and physical conditions, lowers environmental impact, and
enables the deployment of both conventional and non-conventional geothermal
systems (Alimonti and Soldo, 2016; Nadkarni et al., 2022; Alimonti et al., 2016).
A promising alternative to overcome the practical limitations of conventional hy-
drothermal systems is the deep borehole heat exchanger (DBHE). This approach
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uses coaxial pipes installed in single wells, which can often be repurposed from
abandoned ones. In DBHE systems, a fluid is injected into the central pipe,
absorbs heat from the surrounding rocks, and rises through the annulus (Doran
et al., 2021; Alimonti et al., 2016; Kujawa et al., 2006; Lund, 2003). However,
their efficiency remains relatively low, typically producing only a few hundred
kWth, which limits their competitiveness compared to conventional hydrother-
mal systems. In such cases, the primary benefits include reduced drilling costs,
detailed knowledge of well lithology, minimized environmental impact, decreased
corrosion and scaling effects, and the ability to harness both conventional and
unconventional geothermal systems. The first operational DBHE system was
developed by Mining Support Ltd in Kiskunhalas, Hungary, by repurposing an
abandoned hydrocarbon well for geothermal use. Recently, a new approach has
been introduced to enhance the efficiency of closed-loop geothermal systems by
using sub-horizontal connections between two or more wells, leveraging multi-
lateral well technology (Hu et al., 2021; Liao et al., 2021; Yuan et al., 2021).
These deep closed-loop heat exchanger (DCHE) systems outperform DBHE sys-
tems by increasing the circuit length, heat exchange surface, and the residence
time of the fluid within the pipes. The effectiveness of these configurations was
demonstrated by EavorTM at the Derek Riddell Demonstration Facility in Al-
berta, Canada, in 2019. In 2023, this technology was implemented in Europe at
the Geretsried drilling site in Germany. The Eavor-LoopTM in Geretsried is set
to provide district heating and electricity for the entire region within the next
four years, showcasing its potential to revolutionize energy supply and become
a transformative solution in the sector. Despite the high potential, this solution
is far from being cost effective, which undermines its large scale employment (at
least temporarily).
The energy performance of DCHE systems depends on several parameters, each
influencing thermal performance differently and to varying degrees, depending
on the period over which the thermal response of the DCHE is observed. Gola
et al. (2022) conducted a sequence of heuristic simulations, altering the values
of environmental, design, and operational variables within discrete ranges to an-
alyze their effect on production temperature at the end of the reference period.
Sensitivity analysis, using regression techniques (Saltelli et al., 2008), identified
key variables such as: (i) the undisturbed geothermal gradient; (ii) thermal dif-
fusivity; (iii) the vertical and horizontal dimensions of the closed-loop system;
(iv) the internal well diameter; (v) the thermal conductivity and roughness of the
well completion materials; and (vi) operational parameters like flow rate, heat
extracted by the primary fluid, and injection temperature. Results indicate that
long-term production temperature is primarily influenced by the geothermal gra-
dient among environmental variables, maximum depth of the closed-loop among
design variables, and flow rate and heat exchange among operational factors.
This study aims to analyze the long-term performance of a novel DCHE configu-
rations by varying the number of reused exploratory wells (N), the length of their
vertical (H) and horizontal (L) sections for their connection, flow rate per well
(q), injection temperature (Tin), heat exchange (T), and geothermal gradient (G
geo ). The primary objective is to identify conditions under which a minimum
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long-term production temperature of 100°C—necessary for binary power plants
dedicated to electricity generation (DiPippo, 2007)—can be achieved. Perfor-
mance predictions for geothermal systems under different conditions are typically
conducted using numerical simulations. While reliable, these simulations are
time-consuming. Several deep learning techniques have already been validated
for predicting geothermal system performance (Gangwani et al., 2020; Shi et al.,
2021; Wang et al., 2022a). This work explores the applicability of a Long Short-
Term Memory (LSTM) neural network to predict long-term production temper-
ature based on the aforementioned variables, to get insights into the long-term
production temperature forecasting in the proposed DCHE configurations, with
the geothermal gradient as the only geological information int he process, since
in our models we assumed no lateral variation for it and considered, therefore,
relatively simple geological contexts. In Italy, for example, geothermal reservoirs
are abundant, but the high-temperature ones (>150°C) that are of interest for
power production, tend to be in tectonically active and fault controlled systems
(Manzella et al., 2019; Santilano et al., 2015). An extraordinary case in Italy is
Larderello (Tuscany), where the first geothermal power plant in the world came
into being. Tuscany, in general, is an italian region with a remarkable green en-
ergy contribution of about 30%. The contribution of green energy over the total
national demand however, is still limited to 2% (Manzella et al., 2019). Since
the 20th century, more than 2,000 exploratory wells have been drilled in Italy,
primarily for hydrocarbon exploration and, to a lesser extent, geothermal moni-
toring. Data on these wells are stored in public databases (Trumpy and Manzella,
2017). The ultimate goal of this study is to evaluate the potential application of
these DCHE to two locations in Central Italy- one in Larderello (Tuscany) and
the other in Cesano (Lazio), with high densities of exploratory wells. By doing
so, we aim to propose an explorable solution for sustainable use of deep resources
and to broaden geothermal electricity production to a wider range of geological
conditions. We hope to contribute to the improvement of the role of geother-
mal energy within the European energy mix by 2050, by means of sustainable
state-of-the-art approach.

3.2 Methods

In this section, we will describe the methodologies employed in this DCHE inno-
vative configuration study, based on the reused of abandoned wells. We introduce
the geological setting of the areas of our DCHE simulations in real-cases scenar-
ios. Then, we describe the numerical models that were used for our multiphysics
DCHE simulations and their results. Finally, we introduce the LSTM applica-
tion to this problem. As anticipated in the introduction, we intend to test this
LSTM not with the purpose of demonstrating the predictability of the production
temperature, but to somehow assess its forecasting potential, being informed es-
sentially with operational variables, with except to the geothermal gradient (Fig.
3.1).
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Figure 3.1: Scheme of the LSTM training and real-site prediction workflow.

3.2.1 Geological and geothermal setting of case study areas

Two geothermal regions were chosen to evaluate the thermal performance of a
DCHE system using pre-existing deep boreholes for geothermal power production.
These regions, Larderello and Cesano-Sabatini, are located within the internal
sector of the Northern Apennines and belong to the Tuscan and Roman Magmatic
Provinces, respectively (Peccerillo and Donati, 2003) (Fig. 3.2).
The geological structure of this area is characterized by compressional fold-and-
thrust belts with nappes predominantly oriented northeastward or eastward.
Both sites share common geological traits, such as their location within a conver-
gent margin influenced by post-orogenic extension and magmatic activity during
the Pliocene-Pleistocene (intrusive in Larderello) and Pleistocene-Recent (effu-
sive in Cesano-Sabatini). These sites are notable for hosting high-temperature
geothermal reservoirs (T > 150 ◦C) primarily governed by secondary permeabil-
ity.
Extensive geothermal exploration between the 1970s and 1990s in Southern Tus-
cany and Northern Latium revealed significant geological and geothermal data,
distinguishing the features of the two regions. In the Larderello area, drilling
reached the regional metamorphic basement, known as the Gneiss Complex (Pre-
cambrian to Lower Paleozoic). The overlying unit is composed of metamorphic
Paleozoic formations (micaschists, phyllites) and of quartzitic, evaporitic and
carbonate formations (Triassic), which were tectonically placed above the au-
tochthonous metamorphic basement during the Alpine orogeny (Tortonian), con-
stituting the so-called Tectonic Wedges Complex (Bertini et al., 2006). Above
these units lies the Tuscan Nappe, composed mainly of evaporitic-to-carbonate
deposits (Upper Triassic to Upper Cretaceous). The sedimentary Tuscan Nappe
overthrusts the metamorphic ones and it is made up of a mainly evaporitic to
carbonate sequence (Upper Trias to Upper Cretaceous). The Tuscan Nappe ex-
perienced extensional tectonic processes, which locally determined the direct su-
perposition of the overlying Ligurian Units both on its oldest Upper Triassic
formations and on the metamorphic ones. The allochthonous Ligurian Units
(Lower Cretaceous to Eocene) are made up of shales, marly limestones and em-
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Figure 3.2: The figure provides an overview of the Cesano (Site 1) and Larderello
(Site 2) geothermal fields in Italy. Panel (a) shows the geographical location
of the two sites, with Cesano and Larderello highlighted in red boxes. The in-
set map provides a regional context within Italy. Panel (b) displays a contour
map of the Cesano site with key locations (CE2, CE3, and RC1), and Panel (c)
plots depth (km b.s.l.) against temperature (°C) for Cesano, showing a clear
geothermal gradient. Panel (d) illustrates the contour map of the Larderello site
with important wells (COL, VEN, SP, and CARB), while Panel (e) presents the
depth-temperature relationship for Larderello, also highlighting its geothermal
gradient. The maps and plots provide insights into the geothermal characteris-
tics and temperature-depth profiles of the two sites.
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bedded ophiolitic bodies, constituting the impervious cap-rock of the deep-seated
geothermal reservoir.
In northern Latium the deepest boreholes tap into the dolomitic–anhydrite Trias-
sic formations of the Tuscan and Umbria-Marche Series. The succession contin-
ues upward with the Jurassic-Eocene carbonate multilayer consisting of shallow
water carbonate platform deposits and of calcareous-marly pelagic basin units.
The geothermal reservoir is hosted in the Meso-Cenozoic carbonate sequence
and it presents wide-spread self-sealing phenomena related to the recent thermo-
metamorphic and hydrothermal events (Funiciello et al., 1979; Cavarretta and
Tecce, 1987).
Data on the region’s geothermal potential were obtained through stratigraphic
and bottom-hole temperature (BHT) profiles from deep hydrocarbon wells (Gola
et al., 2022). These wells typically exhibit conductive temperature profiles, with
the Cesano area showing an average geothermal gradient of 90 ◦C km−1. The
litho-thermal units explored in the Cesano wells CE2, CE3 and RC1 (Pasquale
et al., 2011; Pauselli et al., 2019; Dalla Santa et al., 2020) are summarized in
Tab.3.1.

Lithology Age λ
(W/mK)

cp

(J/kgK)
ρ
(kg/m3)

CE2
(m)

CE3
(m)

RC1
(m)

Volcanites and
clay

Pl-
Plst

1.2 1250 2048 230 250 225

Quartzose
sandstones and
argillites

K-
Olig

2.6 1250 2360 -170 -325 -545

Mudstones and
marls

u-K-
Eoc

2.5 1250 2368 -1115 -1087 -770

Marly/cherty
limestones

m-J-l-
K

2.9 1100 2700 -1593 -1340 -1055

Massive lime-
stones

l-J 3.5 1100 2700 -1730 -1460 -1475

Dolomitic lime-
stone and an-
hydrites

u-Tr 4.5 1100 2800 — — -2425

Table 3.1: Geological units in Cesano and associated thermal properties. Thermal
conductivity (λ), volumetric heat capacity (cp), density (ρ), and depths (TVD)
to the tops of litho-thermal units are displayed. Ages: Q – Quaternary, Pl –
Pliocene, Mioc – Miocene, Olig – Oligocene, Eoc – Eocene, K – Cretaceous, J –
Jurassic, Tr – Triassic, P – Permian, u – upper, m – middle, l – lower.

With regards to the Larderello area (Larderello-Travale Geothermal Area-LGTA),
it has been a key focus for studying geothermal systems, due to its potential for
unconventional geothermal resources. Two main geothermal reservoirs exist in
this area: a shallow reservoir located in evaporite-carbonate units at depths of
about 0.7–1.0 km below ground level (b.g.l.), with temperatures ranging from
150°C to 260°C, and a deep reservoir hosted in metamorphic rocks and Neogene
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granitoids at depths of 2.5–4.0 km b.g.l., with temperatures reaching 300°C to
350°C (Gola et al., 2017; Romagnoli et al., 2010). Exploration in the early 1980s
in the Lago area, revealed high-temperature (>400°C) and high-pressure (>24
MPa) fluids below the currently exploited hydrothermal systems, encountered at
approximately 2900 m depth in the San Pompeo 2 well (one of the injection wells
we selected for our simulation), located in the southern portion of the Larderello
geothermal field, targeted deep basement layers beneath the exploited reservoir
to extract geothermal fluids for electricity generation (Bertini et al., 2006). The
San Pompeo 2 well, located in the southern part of the Larderello geothermal
field, was aimed to the production of geothermal fluids from the deep basement
layers, where an anomalous seismic horizons of bright-spots type was recognized.
Below the sedimentary cap rock and the presently exploited geothermal reser-
voir, the well crossed a thick sequence of metamorphic formations of Paleozoic
age (phyllites and micaschists) affected by a widespread hydrothermal metamor-
phism. High temperature hydrothermal and contact metamorphism mineral as-
semblage prove the presence of a nearby apophysis of an Alpine granite intru-
sion. In-hole geophysical logs confirmed the existence of a deep seismic reflecting
horizon which probably corresponds to fractured levels at bottom hole in the
basement. Here a fluid with T ≥ 400°C and P ≥ 240 bars was found(Gola et al.,
2017). Two related seismic markers, the H-horizon and K-horizon, have been
identified throughout the LTGA (BATINI et al., 1984; Cameli et al., 1993). The
H-horizon, associated with the thermo-metamorphic aureole of Neogene grani-
toids in some areas has yielded superheated steam in several wells (Bertini et al.,
2006). The deeper K-horizon, more spatially continuous and marked by bright
spot features, has not been fully drilled, with the exception of the San Pompeo 2
well. Thermobaric conditions at the K-horizon (P 30 MPa and T > 400°C) dif-
fer significantly from the sub-hydrostatic pressures characteristic of the exploited
reservoirs. This raises questions about its origin, which some suggest could be
linked to recent magmatic activity (Gola et al., 2017). We used the K-horizon as
bottom horizon in our simulation for the Larderello area (see section 3.2.3).

Lithology Porosity λ
(W/mK)

ρ
(kg/m3)

cp

(J/kgK)
Radiogenic
Heat
[µW/m3]

Cover (Neogene
& Ligurian)

0.1 2.5 2400 900 1.0

Tuscan 0.06 3.0 2700 850 0.5
TWC 0.05 3.5 2800 900 0.8
Metamorphic
basement

0.01 3.0 2770 850 2.0

Intrusive bod-
ies (melt)

- 2.5 2500 1300 -

Intrusive bod-
ies (solid)

- 3.0 2650 850 2.0

Table 3.2: Geological units in Larderello and associated thermal properties.
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3.2.2 Numerical models
In developing the numerical DCHE model, thermal conduction and advection
were assumed as the primary heat transfer mechanisms within the borehole and
geological formations. The large length-to-diameter ratio of the DCHE ensures
fully developed fluid flow, such that all velocity components normal to the bore-
hole axis are zero. The model solves for the one-dimensional velocity, pressure,
and temperature of a Newtonian fluid circulating inside the closed loop, exchang-
ing heat with the surrounding rocks, whose temperature increases with depth.
Heat transfer at the wall-fluid interface is modeled as pure conduction using
Newton’s law of cooling. Freshwater is assumed as the working fluid, and its
thermodynamic properties are defined using the IAPWS-IF97 formulation.
The governing momentum and mass conservation equations for the fluid are:

ρf
∂u

∂t
+ ρfu

∂u

∂z
= −∂p

∂z
− fD

ρfu2

2D
+ F, (3.1)

∂ρf

∂t
+ ∂(ρfu)

∂z
= 0, (3.2)

where ρf is the fluid density (kg m−3), u is the tangential fluid velocity (m s−1),
p is the pressure (Pa), fD is the Darcy-Weisbach friction factor (dimensionless),
F is the gravitational force per unit volume (N m−3), D is the borehole diameter
(m), and z is the vertical coordinate (m). The pressure drop along the wellbore
is calculated using the Haaland equation for the Darcy-Weisbach friction factor:

fD =
[
−1.8 log10

(
ϵ

3.7D
+ 6.9

Re

)]−2
, (3.3)

where Re = ρf uD

µf
is the Reynolds number, µf is the fluid dynamic viscosity (Pa

s), and ϵ is the surface roughness of the borehole wall (m). Additional pressure
losses due to changes in borehole diameter are accounted for as:

∆p = K
ρfu2

2 , (3.4)

where K is the loss coefficient determined by the ratio of cross-sectional areas.
The energy conservation equations for the fluid and surrounding rocks are:

ρfcp
∂Tf

∂t
+ ρfcpu

∂Tf

∂z
= λf

∂2Tf

∂z2 + Qw, (3.5)

ρrcp
∂Tr

∂t
= λr∇2Tr, (3.6)

where Tf and Tr are the fluid and rock temperatures (K), cp is the specific heat
(J kg−1 K−1), λ is the thermal conductivity (W m−1 K−1), and Qw represents
the radial heat exchange between the fluid and rocks. The radial heat transfer is
described by:

Qw = h(Tf − Tr), (3.7)
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where h is the heat transfer coefficient, which depends on the fluid properties and
flow conditions. The Nusselt number (Nu) for turbulent flow in circular pipes is
given by:

Nu = 0.023 Re0.8 Pr0.3, (3.8)

where Pr = cpµ
λ

is the Prandtl number.
For cased boreholes with multiple cylindrical shells, the thermal conductivity of
the borehole wall is computed as the weighted sum of resistances across the shells,
assuming quasi-static heat transfer.
The governing equations (Eqs. 1–6) were implemented and solved using the finite
element method in COMSOL Multiphysics®, with the MUMPS direct solver for
sparse linear systems. At the injection wellhead, the boundary conditions include
a fixed injection temperature (Tin) and volumetric flow rate (qv), while at the
production wellhead, heat flow (Qout) and pressure (po) constraints are applied.
A minimum outlet pressure of po > 1 bar prevents fluid phase changes at high
outflow temperatures.
The thermal regime in the surrounding rocks is assumed conductive, with surface
temperature (To) set to the mean annual air temperature. Thermally insulat-
ing lateral boundaries are defined beyond the DCHE influence radius, and the
initial conditions include an isothermal fluid profile and steady-state conductive
temperature in the rocks.

Closed-loop configuration

The classical configuration of a DCHE consists of two boreholes—an injection
well and a production well—connected at depth by a horizontal section and an
insulated surface pipeline (Gola et al., 2022). These components, along with the
casing and tubing materials, are critical to maintaining the closed loop’s efficiency
as a primary fluid circulates to transfer heat to the geothermal plant.
In our simulations, we evaluated systems with varying parameters, including the
number of reused exploration wells (N), vertical depth (H), horizontal section
length (L), flow rate per well (Q), injection temperature (Tin), heat exchange
(∆T ), and geothermal gradient (Ggeo). The wells are drilled vertically to a depth
H, where they deviate following a tangent build curve with a medium-radius
build rate, achieving a 45° inclination. Drilling then proceeds tangentially for a
specified length before transitioning back to a vertical orientation using the same
build rate. This deviation results in a horizontal offset (R) between the end of the
vertical section and the start of the horizontal section, which has a length L. The
horizontal wells are connected to a central production well, and the production
temperature (Tprod) is determined over a simulation period of up to ten years.
This study evaluates the long-term performance of this innovative DCHE config-
uration to identify conditions capable of achieving the recommended minimum
production temperature of 100°C for binary geothermal power plants. Table 3.3
summarizes the parameter combinations used in the simulations.
The flow rate in each horizontal well was adjusted to achieve a total flow rate
of 70–100 l/s at the production well, representing a typical range for geothermal
power production. The total flow rate is expressed as:
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Figure 3.3: Example of the proposed DCHE system configuration. The red arrows
in correspondence of the borehole have a size proportional to the flow rate. At
the production well the flow rate is given by the sum of the injection wells rates.

qtot =
N∑

n=1
qn, (3.9)

where qn is the flow rate of each well.
For each configuration of the variables (see Table 3.3), a multiphysics simulation
was performed using COMSOL®. These simulations provided the production
temperature profiles used as the target for LSTM training (Fig. 3.4-3.7). All
simulations refer to variable numbers of boreholes (N), with variable flow rates (q)
and injection temperatures (Tin), although they are assumed to be constant over
the 10-year period for each simulation. The physical properties of the medium,
such as volumetric heat capacity (cp), density (ρr), and thermal conductivity
(λr), were kept unchanged for all simulations and remained constant within the
geological medium where the DCHE was simulated. However, for the case study
simulations, the thermal properties of the litho-thermal units, as described in
Tables 3.1 and 3.2, were considered, along with the real coordinates of the existing
wells. We believe that performing the simulation in such conditions, is more
useful to get insights about the potential of these systems in simpler geological
conditions, compared to those observed in correspondence of high-temperature
geothermal systems. For this homogeneous geological medium, we set ρrcp =
2, 75 × 106[JK1m3] and λr = 2, 5[WK1m1].
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Figure 3.4: Histogram representing the distribution of the number of wells in the
dataset.

Figure 3.5: Histogram showing the distribution of injection temperatures in the
dataset. The mean injection temperature is 62.30°C, highlighted by the blue
dashed line.
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Figure 3.6: Histogram showing the distribution of flow rates in the dataset. The
mean flow rate is indicated by the blue dashed line at 19.49 l/s.

Figure 3.7: Histogram illustrating the distribution of geothermal gradients in the
dataset. The mean gradient is 71.23°C/km, indicated by the blue dashed line.

The full dataset consists of 53 training examples, which serves as the target for
the LSTM training task. Figure 3.8 and 3.9 provides a comprehensive view of all
temperature profiles in the dataset, including the mean profile and a confidence
interval of ±1σ. The graph illustrates the production temperature profiles over
3600 days. Initially, the mean production temperature starts above 150°C and
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decreases rapidly within the first few hundred days. This decline is followed by a
stabilization phase, where the temperature gradually decreases, reaching a final
value of 94.26°C at the end of the simulation period.

Figure 3.8: Comprehensive view of the production temperature results in the
synthetic set. The production temperature (Tprod) after 10 years circulation was
found greater than 100 °C in the 32% of the cases for different configurations
of the considered operational variables. Most of the successful simulations are
evidently associated with the highest geothermal gradient, intermediate flow rate
values and 3 km vertical depth.

Figure 3.9: Production temperature profiles of the synthetic dataset over time.
The solid orange line represents the mean production temperature, with the
shaded region indicating ±1 standard deviation. The final temperature is in-
dicated as 94.26°C.
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To evaluate the thermal performance of DCHE systems in the Cesano site case
study, the paths of three wells- 2 injection wells and one production well- were re-
constructed using available drilling survey data. The same was done for Larderello
site, but considering three injection wells and one production well as in Fig. 3.2
.The minimum curvature method (Pauselli et al., 2019) was applied to trans-
form measured depth (MD) data into true vertical depth (TVD), using wellbore
inclination and azimuth measurements at survey points. Vertical and horizon-
tal displacements were calculated for each depth interval to reconstruct the well
trajectories.

N H [km] L [km] Tinjection (◦C) G (◦C/km) q [l/s]

3 2, 3 2, 3 50, 70 50, 70, 80 25 , 17.5

4 2, 3 2, 3 50, 70 50, 70, 80 25, 17.5

5 2, 3 2, 3 50, 70 50, 70, 80 20, 14

6 2, 3 2, 3 50, 70 50, 70, 80 11.7, 16.7

Table 3.3: Table showing the configurations of N, H, L, Tinjection, G, and q.

3.2.3 Case studies simulations

To perform the simulations of the proposed DCHE configurations in the two
sites described in section 3.2.1, we select an arbitrary numbers of wells from
the available open dataset in Trumpy and Manzella (2017). For Site 1 (Cesano,
Lazio) we selected three wells (CE2, CE3, RC1) setting two of them as injectors
and one production well (Fig. 3.10). We simulated a 10 years circulation with a
fixed injection temperature of 50 °C, a total flow rate at the production well of
70 l/s and a geothermal gradient of 90 °C/km (see section 3.2.1). The horizontal
connection of the three wells is at approximately 3 km depth and their distance
varies between 2 and 3 km. The Larderello area, on the other side, is related to a
more complex geology (see section 3.2.1). We select three injection wells (COL,
CARB, SP in Fig. 3.2.1) and one production well (VEN), connected at 2 km
depth (Fig. 3.11) and have an horizontal distance of about 3 km. We simulated
for a 100 °C/km gradient and a total flow rate of 72 l/s.
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Figure 3.10: The DCHE geological and thermodynamical model of the simulation
at Site 1 (Cesano, Lazio). The geological units refer to Tab.3.1

.
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Figure 3.11: The DCHE geological and thermodynamical model of the simulation
at Site 1 (Cesano, Lazio). The geological units refer to Tab.3.2

After the simulations, we calculated the thermal (Pth) and electric (Pe) power as
follows (Zarrouk and Moon, 2014; Gola et al., 2022)

Pth = qw(ρcp)f · (Tprod − Tin) (3.10)

Pe = Pth · [6.9681 × ln(TINLET) − 29.713] (3.11)

3.2.4 Long-Short Term Memory
The Long Short-Term Memory (LSTM) model, introduced by Hochreiter and
Schmidhuber (1997), is a type of Recurrent Neural Network (RNN) that addresses
one of the critical limitations of traditional RNNs: the inability to learn long-term
dependencies effectively. This limitation arises primarily due to the vanishing
and exploding gradient problem, which occurs during the training of models over
long sequences (Roncoroni et al., 2022; Wang et al., 2022a). LSTMs overcome
this issue by introducing memory cells and a gating mechanism, enabling them
to retain and regulate information across extended time intervals.
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Typically, an LSTM is composed of several core components, each with a function
for managing the flow of information (Greff et al., 2017). The cell state,(ct), a
forget gate (ft), an input gate (it), and an output gate (ot).
The memory cells store information across time steps. The input gate regulates
the amount of new information entering the cell, while the forget gate determines
how much information from the previous cell state is retained or discarded. Fi-
nally, the output gate controls how much of the current cell state is used to
produce the output at a given time step. Together, these components work in a
recurring cycle across time steps, enabling the LSTM to selectively retain impor-
tant information and discard irrelevant details (Wei et al., 2021; Al-Selwi et al.,
2024).
To describe a forward pass in an LSTM model, let us assume a model with N
processing blocks and M inputs. The function of the input block is to update
the input block component, given by the combination of the input x(t) and the
output of the previous iteration y(t − 1):

zt = g(Wzxt + Rzyt−1 + bz), (3.12)

where Wz and Rz are the sets of input and recurrent weights associated with
input x(t) and output y(t − 1), respectively, and bz is the bias vector. g is a
non-linear activation function, usually being the hyperbolic tangent tanh(x).
The input gate is then updated, given the input x(t), the output y(t − 1), and
the cell value at the previous iteration c(t − 1):

it = σ(Wixt + Riyt−1 + pi · ct−1 + bi), (3.13)

where Wi, Ri, and pi are the weights associated with the input x(t), output
y(t − 1), and cell c(t − 1), respectively, and bi is the bias vector. σ is a logistic
sigmoid activation function used as sigmoid usually used for the gates to select
and regulate the information directed to the cell state ct. · is the element-wise
Hadamard product.
The forget gate determines the amount of information in c(t − 1) to be removed:

ft = σ(Wfxt + Rfyt−1 + pf · ct−1 + bf ), (3.14)

where Wf , Rf , and pf are the weights associated with the input x(t), output
y(t − 1), and cell c(t − 1), respectively, and bf is the bias vector.
The cell value is computed at each iteration to determine c(t) as follows:

ct = zt · it + ct−1 · ft. (3.15)

The LSTM output can now be derived from the cell state, through the output
gate, which has the same regulatory function as the other gates. The output gate
is updated using the input x(t), the output y(t − 1), and the cell value c(t − 1):

ot = σ(Woxt + Royt−1 + po · ct−1 + bo), (3.16)

where Wo, Ro, and po are the weights associated with the input x(t), output
y(t − 1), and cell c(t − 1), respectively, and bo is the bias vector.
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Finally, the block output combines the cell state value with the output gate:

yt = g(ct · ot). (3.17)

The training of an LSTM involves optimizing the network’s parameters (weights)
using Backpropagation Through Time (BPTT) (Werbos, 1990). This algorithm
allows the computation of gradients needed to adjust the weights connecting the
different parts of the network.
In this study, we propose the use of an LSTM network to predict the production
temperature profile over a 10-year period of our proposed DCHE configuration.
The input to the LSTM includes the environmental and operational variables
mentioned in the introduction, as well as the parameters that define the DCHE
model configuration (see Table 3.3). By leveraging the LSTM’s capability to
model long-term temporal dependencies, we want to assess how predictable the
mid-long term production temperature of our DCHE systems, based on the op-
erational variables and the gradient. Details on the training data and design are
given in the following section.

Training details

We trained an LSTM network to predict the production temperature profile over
a period of 10 years. The neural network consists of four hidden layers with 21,
14, 7, and 1 neurons, respectively, followed by a sigmoid activation function, as
shown in Fig. 3.12. The layers were trained using the Adam optimizer (Kingma
and Ba, 2017) and a Mean Absolute Error (MAE) loss function. The training
lasted 400 epochs with a batch size of 32. The implementation was carried out
using TensorFlow with CUDA-compatible support (Abadi et al., 2016). The
dataset consists of normalized time series corresponding to the variables listed in
Table 3.3. The distributions of these variables in the dataset are shown in Figs. 3.4
to 3.7. Given the limited number of training examples in the dataset, we com-
pared the performance of two networks with identical architectures: one trained
with a standard strategy and the other using a curriculum learning approach.
Curriculum learning involves dividing the training dataset into two subsets based
on the complexity of the examples. The first subset, containing simpler exam-
ples, is used for pre-training. Fine-tuning is then performed on the pre-trained
weights using the subset of more complex instances (Bengio et al., 2009; Soviany
et al., 2022). In our case, DCHE configurations with N = 4 were used for the
pre-training dataset, while the remaining configurations were used for fine-tuning.
Note that, this LSTM application is not meant to provide with conclusive insights
about the applicability of LSTM to predict the long-term temperature of the pro-
posed DCHE configuration, but it’s a test application to assess the generalization
potential of such specialized architecture for this task.
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Figure 3.12: Architecture of the neural network with four LSTM layers containing
21, 14, 7, and 1 neuron, respectively.

3.3 Results

The results of the simulations gave production tempertures higher than 100°C
in 32% of the cases, which was the first indication of a potential of these types
of DCHE for power production. This motivated the simulations in the real case
scenarios of Cesano and Larderello using the available data. In Cesano, Site 1 in
Fig. 3.2, the simulations results gave a final production temperature of 139,56
°C after 10 years of circulation (Fig. 3.13). The calculated thermal and electrical
power and their cumulative curve over time are shown in Fig. 3.14. The average
thermal production for Site 1 was 23.7 MWth, corresponding to an average electric
power of 1.30 MWe, resulting in a total average annual power production of 41
TWe/y in the 10-years period. Similarly in Larderello, Site 2 in Fig. 3.2, the
simulations results gave a final production temperature of 138,68 °C after 10
years of circulation (Fig. 3.15). The calculated thermal and electrical power and
their cumulative curve over time are shown in Fig. 3.16. The average thermal
production for Site 2 was 30.8 MWth, corresponding to an average electric power
of 1.66 MWe, which results in a total average annual power production of 52
TWe/y in the 10-years period.
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Figure 3.13: Temperature evolution over time in the Cesano numerical simulation,
reaching a final temperature of 139.57°C.

Figure 3.14: CESANO-SABATINI. Up: thermal power and electrical power.
Down: cumulative thermal and electrical power.
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Figure 3.15: Temperature evolution over time in the Larderello numerical simu-
lation, reaching a final temperature of 138.68°C.

Figure 3.16: LARDERELLO. Up: thermal power and electrical power. Down:
cumulative thermal and electrical power.

135



We tested the applicability of LSTM NN in forecasting the production temper-
ature profile in real-case scenarios, after beinig trained on generic simulation
results, with no geological information ( sect. 3.2.4). Figure 3.17 compares
the mean absolute error (MAE) during training for two neural network train-
ing strategies: Curriculum Training (in blue) and Standard Training (in orange).
Curriculum Training consistently resulted in lower loss compared to Standard
Training. The blue line indicates that Curriculum Training achieved faster con-
vergence and maintained a more stable learning process, ultimately reaching a
lower final MAE of 0.04. Conversely, Standard Training started with a much
higher loss and exhibited instability during the early epochs, eventually converg-
ing to a final MAE of 0.07.
These results highlight that Curriculum Training effectively enhances the model’s
accuracy, leading to better performance with a lower MAE by the end of training.

Figure 3.17: Training Loss over Epochs for Curriculum vs Standard Training. The
blue line represents the curriculum training approach, while the orange dashed
line represents standard training. The final losses are indicated: Curriculum
Training reached a final MAE of 0.04, while Standard Training reached 0.07.

The two versions of the LSTM model were evaluated on real case scenarios from
Cesano and Larderello. For the Cesano real-case scenario, the final production
temperature (after 10 years) predictions errors for the curriculum and standard
LSTM models are +2.4 °C and −41.1 °C, respectively. This confirms the supe-
rior performance of the curriculum strategy, with the standard LSTM prediction
aligning with the long-term production temperature average value in the training
dataset. However, the Cesano case is significantly different from the Larderello
case, particularly in its geological setting, which is simpler in the thermodynamic
simulations. In the Larderello scenario, the model performances are similar, show-
ing errors of +42.1 °C and −47.8 °C for the curriculum and standard LSTM mod-
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els, respectively, showing a consistent performance of the standard LSTM and a
significant accuracy redcution in the other.

CL SL
MAE 0.04 0.07
CES +2.4°C -41.1°C
LAR +42.1°C -47.8°C

Table 3.4: Comparison of Curriculum Learning (CL) and Standard Learning
(SL) Performance Metrics. The table shows Mean Absolute Error (MAE) and
the temperature deviations for the Cesano (CES) and Larderello (LAR) simula-
tions. Curriculum Learning consistently outperforms Standard Learning, achiev-
ing lower MAE and closer temperature predictions, with deviations of +2.4°C
for Cesano and +42.1°C for Larderello, compared to larger negative deviations in
Standard Learning.

Figure 3.18: Comparison of Curriculum Learning and Standard Learning predic-
tions against the Cesano simulation.
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Figure 3.19: Comparison of Temperature Evolution in Larderello Simulation and
Curriculum vs Standard Learning Predictions. The top plot shows the tempera-
ture decline over time in the Larderello numerical simulation, while the bottom
plot contrasts predictions made by Curriculum Learning and Standard Learning
models.

3.4 Discussion
Unlike other works that present simulations for 20-30 year periods, we limit our
simulation to 10 years, given the rapid exponential drop in the production tem-
perature profile typically observed during the initial phases of radial cooling at the
borehole-rock interface. After this phase, a slower, more linear rate of decrease
becomes evident.
We preliminarily estimate the potential contribution of the geothermal energy
in fulfilling residential electrical energy demands, considering standard 90 m2

housing units accommodating families of four, with an annual energy demand of
3600 kWh/ (Besagni et al., 2020). At Site 1 (Cesano), the recoverable power of
41 TWe-year can sustain approximately 1300 such housing units, compared to
the 25 TWe-year and 793 found in Gola et al. (2022) in the same site. At Site
2 (Larderello), characterized by a very high geothermal gradient, the recoverable
power of 52 TWe-year can fulfill the demand of approximately 1649 residential
units.
The differing performance levels of the LSTM model observed in the Cesano and
Larderello cases may be attributed to the specific nature of the training process
and the distinct characteristics of the geothermal systems at each site. The LSTM
model was trained to predict the medium- to long-term temperature behavior of
geothermal systems configured with DCHE wells, using operational parameters
and the geothermal gradient as input features. Notably, the training process did
not incorporate detailed geological data, meaning the model’s predictions are pri-
marily based on generalized thermal gradients and operational conditions rather

138



than site-specific geological characteristics. This limitation could contribute to
variations in model performance between the two geothermal fields.
In the Cesano case, the geological setting is relatively simpler, characterized by
quasi-horizontal stratification and smooth contrasts in thermophysical properties.
This simplicity contributes to a resemblance to a thermally homogeneous medium,
which aligns closely with the conditions used to generate the synthetic data for
training the LSTM model. As a result, the LSTM, particularly when trained with
curriculum learning, demonstrated more accurate predictions. This underscores
the importance of gradually introducing increasingly complex data during the
training process, as it enhances the model’s ability to generalize and maintain
robustness, especially when the available training data is limited.
In contrast, the Larderello scenario presents significantly greater geological com-
plexity. The geothermal gradient in the Larderello area is influenced by intricate
geological structures that diverge from the simplified, homogeneous thermal char-
acteristics used in the synthetic training data. This discrepancy posed a challenge
for both the standard and curriculum-trained LSTM models in accurately predict-
ing the temperature evolution. The model’s lack of explicit geological informa-
tion limits its ability to fully capture the effects of complex subsurface conditions,
which is particularly evident in Larderello, where geological heterogeneity plays
a critical role in thermal behavior.
This analysis may indicate that while the curriculum learning strategy offers
advantages in generalizing from synthetic data, the absence of detailed geological
data determines the the model’s failure in the production temperature forecasting
for geologically complex settings.

3.5 Conclusion
In this work, we investigated the power production performance of deep closed-
loop heat exchangers (DCHEs) by reutilizing abandoned wells, aiming to propose
a sustainable and cost-effective solution to enhance their efficiency. We assessed
the power production potential of the proposed DCHE configuration using nu-
merical models to perform medium- to long-term simulations, varying operational
parameters while considering the geothermal gradient as the sole environmental
variable. The proposed DCHE approach was applied to two real site-specific
study areas in Italy, utilizing existing data from open databases to inform the
simulations. These sites, located in distinct geothermal regions with varying ge-
ological complexity, yielded power plant sizes ranging from 1 to 1.3 MWe. These
results confirm that the proposed multilateral well configurations can reliably
sustain electrical energy production, demonstrating the feasibility and effective-
ness of the DCHE concept. We tested the applicability of an LSTM model for
forecasting 10-year production temperatures at the study sites, focusing primar-
ily on operational variables. The model was trained on a dataset derived from
simulations in lithothermically homogeneous media, and we compared two train-
ing strategies: curriculum learning (CL) and standard learning. Our findings
indicate that the LSTM model trained with the more sophisticated CL strat-
egy significantly outperformed the standard approach in the simplest real-case
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scenario (Site 1). However, both training strategies failed to accurately predict
outcomes in the geologically more complex scenario (Site 2).
In conclusion, DCHEs designed with wells interconnected by multilateral legs offer
a promising solution for geothermal power production, particularly by reusing
dry or depleted deep geothermal and hydrocarbon wells. This approach has the
potential to reduce geothermal project costs while enhancing sustainability.

140



Chapter 4

Conclusions

Machine learning, especially deep learning, has witnessed an increasing interest
in all sorts of geophysical fields, thanks to its ability to handle big data and the
computational power available nowadays. In geophysics, this is generally done in
the attempt to increase accuracy and avoid manual, tedious, or intensive tasks.
However, gaining insights into machine-level performance compared to human-
level performance for each specific task is not as common as it should be. This
is certainly due to the complexity and inherent uncertainty of geophysical tasks,
which often does not enable a straightforward formulation of a human-machine
evaluation framework.
As part of this research project, we aimed to deliver promising and innova-
tive methodologies based on AI to optimize the exploration and exploitation
of deep geothermal resources, particularly interesting for power production pur-
poses. Geothermal exploration is now facing the need to accelerate its growth
rate to enhance the contribution of renewable energy sources to the energy mix.
Nevertheless, its growth is undermined by uncertainties in subsurface properties,
related to both aleatoric and epistemic uncertainties, with the latter heavily af-
fecting one of the most important geoscientific tasks in geothermal exploration:
fracture analysis. To overcome these limitations and the operational problems
related to the use of aquifer brines as carrier fluids, several solutions have been
proposed that rely on the use of closed-loop heat exchangers. These solutions
consist of the multilateral connection of subhorizontal wells to create a closed
loop where fluid circulation can be imposed, exploiting heat exchange at the
borehole-rock interface. However, DCHE projects are not always cost-effective.
Sub-horizontal wells have proven effective in enhancing geothermal project effi-
ciency, as they increase the available surface area for heat exchange compared
to vertical or sub-vertical doublets. The navigation of such horizontal drilling
is guided by LWD geophysical data, like LWD density borehole images, which
assist in formation and fracture identification during well drilling, supporting
decision-making during geosteering operations.
In this thesis, we focused on two main aspects, addressing challenges that affect
the growth of geothermal energy.
In Chapter 2, we proposed two innovative AI-based solutions—one based on ML
and the other on DL—to assist the manual strata and fracture analysis of LWD
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borehole images in real-time and support decisions in geosteering wells through
semiautomation. For the DL method, we used a supervised learning approach
based on synthetic borehole images, representing another key innovative aspect of
this methodology. Moreover, we heuristically made design choices for NN training
to improve performance to a satisfactory level on both synthetic and field data.
Both the ML and DL methodologies showed promising results for automated
strata and fracture picking, based on a mathematical representation of the input
borehole images, thus using more objective criteria than those employed during
manual elaboration. Regarding real-time decision support, the best DL method
(Fitnet-C-SA-H) showed more promising results, outperforming the ML counter-
part in terms of prediction time. Additionally, by controlling the complexity of
the training data, we trained two different alternatives of the same DL method
based on curriculum learning and standard learning principles. Our findings indi-
cate that these two training approaches impact final results and human-machine
interactions in complementary ways, i.e., with different orientations to detail,
to the extent that they could be combined into a more complete and objective
decision-support tool. Another significant aspect of DL outperforming ML for
this task is scalability. We adapted the method to high-resolution borehole im-
ages, such as FMI, extensively used in geothermal exploration and associated
with manually picked fractures. The results underline the ability of the method
to align with human intentions, despite the higher resolution data compared to
the training data. However, recycling this supervised learning approach for FMI
or high-resolution data is not straightforward, as the generation of synthetic data
would require an extremely high number of features in the images to build a
representative dataset. This marks the road for future research.

In Chapter 3, we proposed a deep closed-loop heat exchanger configuration,
based on the mutual horizontal connection of dry, sterile, or abandoned wells,
for geothermal power production. This was conceived as an intermediate solu-
tion for power production, balancing cost-effectiveness and efficiency between
highly promising but expensive modern solutions like Eavor-LoopTM and the
sustainable but less efficient deep borehole heat exchangers (DBHE). We first
investigated the potential of such DCHEs in media with homogeneous thermal
properties and no geological information using numerical simulations of 10-year
circulation periods with varying operational configurations. We then applied the
same DCHE concepts to site-specific study areas with medium-to-high and high
geothermal gradients, using available geological information for the simulations,
and extracted production temperature results to compute the average and total
generated electrical power. Our findings demonstrate that this can be a relatively
sustainable and cost-effective solution for power production, providing energy for
more than 1300 residential units per year in both cases. To preliminarily assess
the predictability of production temperature profiles based mainly on operational
variables, we also trained an LSTM model on the dataset derived from the sim-
ulations in homogeneous media, again comparing the results of different training
strategies (curriculum learning and standard learning). The predictions of these
networks highlighted that the curriculum learning network, trained with pre-
training and fine-tuning on instances with increasing complexity, outperformed
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the counterpart in predicting the long-term production temperature for the real
site with simpler geology, i.e., more resembling the media exchanging heat with
the DCHE in our simulations. However, for the site with the most complex ge-
ology, both approaches failed, arguably indicating that this LSTM architecture
trained mostly on operational variables (except for the geothermal gradient) to
forecast the mid-long term production temperature of the proposed DCHE config-
uration, have greater forecasting ability in simpler geological real-case scenarios.
However, it is important to note that the error levels presented in Table 2.3 cor-
respond to the final production temperature value after 10 years of circulation.
This implies that relying on the forecasted 10-year temperature profile to estimate
thermal and electric power could lead to erroneous assessments of geothermal po-
tential for both the CL and SL LSTMs. We believe that these two chapters
address challenges that can significantly contribute to geothermal energy growth.
First, we implemented innovative, reliable, and—in one case—scalable AI-based
methodologies to support crucial decision-making during the drilling of horizon-
tal wells, which has demonstrated a positive impact on geothermal projects. The
scalability tests of the LWD-specific DL method indicate the potential of the
proposed solution for application to high-resolution images. However, a more tai-
lored approach—one that accounts for the higher dimensionality of the problem
and incorporates additional features unique to high-resolution BHI—is required
to validate this synthetic data-driven supervised learning approach for automated
BHI analysis. Second, we proposed a configuration of DCHE based on horizon-
tal drilling to connect abandoned wells, increasing sustainability and reducing
operational costs for electrical power production (e.g., submersible pumps in the
borehole), and applied the concepts to two test sites, where simulations foresee
plant sizes ranging from 1 to 1.3 MWe for medium-to-high and high geothermal
gradients, respectively.

4.1 Future Research Directions
1. Extending AI-Based Borehole Image Analysis:

• Building on the success of the proposed methods for logging-while-
drilling (LWD) images, future work will focus on adapting and testing
these approaches on high-resolution borehole image (BHI) datasets,
such as Formation MicroImager (FMI) data.

• Particular emphasis will be placed on refining synthetic data genera-
tion techniques to ensure they effectively capture the complexities and
variability of high-resolution geological features.

2. Geothermal Potential Mapping:

• A key future objective is to create a detailed geothermal energy poten-
tial map for Italian regions densely populated with abandoned wells.

• This initiative will evaluate the feasibility of reusing these wells for
deep closed-loop heat exchangers (DCHE) based on the proposed con-
figuration.
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• The mapping will consider geological, thermodynamic, and economic
factors, providing actionable insights for sustainable energy develop-
ment and regional energy planning.
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